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ABSTRACT

Can a small amount of verified goal information steer the expensive self-
supervised pretraining of foundation models? Standard pretraining optimizes a
fixed proxy objective (e.g., next-token prediction), which can misallocate com-
pute away from downstream capabilities of interest. We introduce V-Pretraining:
a value-based, modality-agnostic method for controlled continued pretraining in
which a lightweight task designer reshapes the pretraining task to maximize the
value of each gradient step. For example, consider self-supervised learning (SSL)
with sample augmentation. The V-Pretraining task designer selects pretraining
tasks (e.g., augmentations) for which the pretraining loss gradient is aligned with
a gradient computed over a downstream task (e.g., image segmentation). This
helps steer pretraining towards relevant downstream capabilities. Notably, the pre-
trained model is never updated on downstream task labels; they are used only to
shape the pretraining task. Under matched learner update budgets, V-Pretraining
of 0.5B-7B language models improves reasoning (GSMS8K test Pass@1) by up
to 18% relative over standard next-token prediction using only 12% of GSM8K
training examples as feedback. In vision SSL, we improve the state-of-the-art
results on ADE20K by up to 1.07 mloU and reduce NYUv2 RMSE while improv-
ing ImageNet linear accuracy, and we provide pilot evidence of improved token
efficiency in continued pretraining.

1 INTRODUCTION

The era of blind scaling that improves models primarily by scaling proxy-objective pretraining is
showing signs of diminishing returns (Lin et al., [2025; |Kaplan et al.l 2020; [Hoffmann et al., [2022).
Yet foundation models are still trained in a remarkably undirected way: we minimize a static self-
supervised proxy loss on massive, weakly curated data, and hope the capabilities we care about
(reasoning, dense perception, tool use, world modeling) emerge as a byproduct. In language, the
proxy is next-token prediction (Brown et al., [2020; |OpenAl et al.| [2024; [Yang et al.l [2025); in
vision, it is self-supervised reconstruction or representation learning under augmentations (Chen
et al., |2020b; He et al.l [2022; |Assran et al., 2023; |Siméoni et al., [2025). While this recipe scales,
it functions as an open-loop system and learns from a “static world”: the optimization trajectory is
fixed at the start, ignoring whether intermediate steps actually align with complex human goals.

This open-loop nature can lead to sample inefficiency in pretraining. Unlike humans, who utilize
closed-loop feedback to rapidly correct errors and master tasks, models blindly consume trillions
of tokens without corrective guidance. Current pipelines inject feedback mostly after pretraining
via supervised fine-tuning or preference optimization (Christiano et al.| 2017} |Ouyang et al.| 2022}
Rafailov et al.,|2023)). These stages are effective, but they arrive late. By the time downstream feed-
back is applied, the representation has already been shaped by millions of proxy-gradient steps that
were agnostic to the target behavior. To break the ceiling of blind scaling, we ask: can we intro-
duce scalable supervision into pretraining, turning an open-loop process into a controlled trajectory
toward what we actually want?



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

We introduce V-Pretraining: value-based pre-training with downstream feedback, a frame-
work for controlled continued pretraining. Standard pretraining fixes the unlabeled data stream
and a proxy task construction (e.g., one-hot next-token targets in language, or a fixed augmentation
pipeline in vision) and optimizes the resulting proxy loss. We keep the unlabeled stream and learner
training budget fixed, but add a lightweight task designer (Figure|[I) trained on a small labeled ver-
ification (value) set for the capability of interest (e.g., GSM8K for reasoning, ADE20K/NYUv2
for dense vision). Crucially, the verification set is used only as an evaluator: the learner is never
updated on verification labels. Instead, the task designer reshapes the pretraining target (the super-
vision signal inside predictive learning) so that the learner’s next unlabeled update is predicted to be
more valuable for the target capability. In language, the designer replaces one-hot next-token labels
with adaptive soft targets supported on the learner’s top-K candidates. In vision SSL, it replaces
a fixed augmentation pipeline with instance-wise learned views optimized for transfer, especially
dense prediction.

Directly optimizing the task designer for downstream performance is computationally prohibitive: it
is a bilevel problem that would require differentiating through long pretraining trajectories (Maclau-
rin et al., 2015} |[Franceschi et al.| [2018). As a result, prior efforts to design task-aware SSL methods
were largely tailored to specific domains and tasks, which allowed them to avoid this computational
bottleneck [Zhang et al.| (2019); [Tian et al.| (2020); [Shi et al.| (2022). A key insight of our work
is showing how to efficiently generalize task-aware pretraining (including SSL) to different tasks
and modalities by defining the value of a pretraining step via an influence-style first-order estimate:
the alignment between proxy and downstream gradients (Koh & Liang, 2017} |Pruthi et al., 2020a).
This yields differentiable meta-updates for the task designer while leaving the learner’s pretraining
loop essentially unchanged. Because V-Pretraining intervenes only through target/view construc-
tion, it can be layered on top of diverse pretraining objectives (e.g., next-token prediction, masked
modeling, and joint-embedding SSL) without changing the learner architecture or optimizer. This
makes V-Pretraining largely orthogonal to advances in scaling, data mixture/curriculum design, and
post-training alignment, and in principle combinable with them.

Across language and vision, value-based pretraining turns small verified feedback into measurable
gains in the expensive unlabeled phase. In language, continued pretraining of Qwenl.5 models on
a math corpus improves GSM8K Pass@1 by 2-14% across 0.5B/4B/7B using only 12% GSM8K
training examples for feedback and without updating the learner on GSMS8K labels. In vision,
dense feedback improves segmentation and depth while maintaining or improving ImageNet linear
accuracy. Further, these improvements do not come at the expense of generalization to other tasks.

Contributions. We make four contributions. (1) V-Pretraining: a novel framework for directed
pretraining with downstream feedback: we present a principled formulation of controlled con-
tinued pretraining as goal-directed target or view design, separating a large learner trained only
on unlabeled data from a lightweight controller trained on a small labeled verification set. (2) A
scalable learning rule for task design: we introduce an influence-style first-order value objective
based on proxy—downstream gradient alignment that avoids differentiating through long pretraining
trajectories. (3) Efficient instantiations across modalities: we instantiate the framework for natural
language (adaptive top-K soft targets) and vision (instance-wise learned views) without changing
the learner’s underlying pretraining loop. (4) Compute-matched evidence and diagnostics: we
empirically show that under matched learner update budgets, the V-Pretraining framework increases
downstream value per pretraining step for two modalities (vision and language) in various settings.
We support our claims with extensive ablations (random feedback, smoothing, self-distillation) and
controllability diagnostics (token-efficiency pilot; Pareto tradeoffs in vision).

Together, these results suggest that a small amount of indirect downstream feedback can act as a
scalable form of weak-to-strong supervision during pretraining (Burns et al., 2023)), improving
target capabilities under fixed compute budgets, without harming model generalization.

2 PRELIMINARIES AND RELATED WORK

2.1 PRETRAINING AS PREDICTIVE LEARNING

We unify modern self-supervised pretraining across modalities as predictive learning under informa-
tion restriction (LeCun,|2016). Given an observation that intentionally omits or distorts information,
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Figure 1: Value-Based Pretraining with Downstream Feedback. Today, the learner 6 trains on
unlabeled data using a proxy objective Ly, for a frozen pretraining task. In V-Pretraining, a small
task designer ¢ is trained on a small feedback set of verifiable downstream tasks with predefined
value functions, but never updates the learner on downstream labels. ¢ thus reshapes the pretraining
target (or views) so that the induced SSL update aligns with downstream improvement, calculated
via the value function. Relative to current pretraining methods, V-Pretraining adds the components
in the left blue box.

such as past only text, masked patches, or cropped views, the learner is trained to predict a target
derived from the same underlying example. The key modeling choices are how we construct the
restricted context and how we define the prediction target.

General formulation. Let x ~ D be an example in a modality space X. A stochastic view generator
produces correlated views

(7307$t7m) NA('T)’ (1)

where z. is an information-restricted context, x; is a target view, and m optionally denotes side
information such as a mask pattern, crop geometry, or token positions. A predictor consists of an
encoder fy and a head gy,

17 = 90(f9($6)7m)7 (2

while the supervision signal y = 7(x;) is produced by a target function 7. The generic pretraining
objective is

mein Eznp E(zc,zt,m)N.A(ac) V@a y)] ) (3)

where £ is an appropriate loss (cross-entropy, regression, cosine, InfoNCE, efc.). Under this view,
common pretraining methods correspond to different instantiations of triplet (A, 7, ) rather than
different learning principles; we illustrate common examples below.

Language: next-token prediction. Let x = (wq, ..., wr) be a sequence of discrete tokens. The
view generator samples a position ¢, sets . = w«; and x; = wy. The target function returns a
one-hot distribution,

T(xt) = Ow, “)

and g, is a categorical distribution over the vocabulary. With cross-entropy (CE) loss, Equation (3)
becomes maximum likelihood estimation,

meinE[CE(gt, buw,)] = meinE[ —log po(wy | wey)]. (5)

Vision: explicit reconstruction. For masked autoencoding (Chen et al.,[2020a; | Xie et al., [2022; |He
et al., [2022; [EI-Nouby et al.| [2024)), = is an image, the view generator samples a mask m, defines
z.=xOmand z; =z ® (1 — m), and uses 7(x;) = x; with a regression loss:

r%in E[Hgg(fg(x(am),m)—w@(l—m)”ﬂ. (6)

This also subsumes variants that reconstruct pixels, patch tokens, or quantized codes (Nguyen et al.,
2024).
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Vision: implicit latent prediction. Many non-contrastive (Grill et al., [2020; |Caron et al., 2021}
Siméoni et al.l 2025) and joint-embedding methods (Assran et al., [2023} [2025) predict represen-
tations rather than pixels. Let (z., ;) be two correlated views produced by A. A target network
produces the latent target,

7(z4) = stopgrad(fgz (xt)), @)

and the predictor matches latent targets under a regression or cosine loss (Grill et al.| [2020; (Caron
et al.,[2021}; |Assran et al., 2023). Even though the targets evolve during training via ', the mecha-
nism still fits Equation (3). Across modalities, pretraining differs primarily in how prediction targets
are constructed, not in the underlying predictive principle.

2.2 RELATED WORKS

Positioning. We study controlled continued pretraining under a fixed unlabeled stream and learner
update budget. A small feedback set of verifiable downstream tasks provides verified goal infor-
mation, but it is used only to train a lightweight controller that reshapes the pretraining target (or
views). The foundation model is never updated on downstream labels. This differs from most
label-efficient paradigms, which improve performance by creating labels or pseudo-labels and then
training the main model on them.

Post-training injects direction late. Supervised fine-tuning and preference optimization steer mod-
els by directly updating the foundation model on labeled examples or preferences (Christiano et al.}
2017; |Ouyang et al., [2022; [Rafailov et al.2023)). These methods are highly effective, but they op-
erate after proxy pretraining has already shaped the representation space. Our approach is comple-
mentary: we inject goal information during continued pretraining by shaping the unlabeled training
signal rather than updating the learner on downstream labels.

Weak/semi-supervision: scalable supervision by producing labels, not by steering pretraining
updates. A broad literature improves supervision scalability by learning from imperfect labels or by
manufacturing labels from weak sources, spanning weak supervision and data programming (Ratner
et al., 2017; Bach et al., 2017), distant supervision (Mintz et al. 2009), semi-supervised learning
(Sohn et al.,2020), robust learning from noisy labels (Song et al.,2022), and more recently weak-to-
strong generalization as a way to elicit strong capabilities from weak supervision (Burns et al.,[2023).
Across these settings, progress typically comes from generating (pseudo-)labels and then training the
main model on task-defined targets, often with repeated inference or teacher—student refinement that
is not compute-matched to pretraining-scale update budgets. Our method can be viewed as a task-
agnostic pretraining analogue of weak-to-strong generalization: a small feedback set of verifiable
downstream tasks provides weak but reliable goal information, yet the foundation model is never
trained on downstream labels; instead, the feedback trains a lightweight controller that reshapes the
self-supervised target/views so that each unlabeled gradient step has higher downstream value.

Directing pretraining without step-level downstream feedback: proxy objectives and view
design. Most improvements to foundation-model pretraining change the proxy objective or the
view/augmentation pipeline while keeping the training signal fixed: in language this includes next-
token-based variants and domain-shaped objectives specified a priori (Brown et al.l 2020} [Zhang
et al.| [2019; Bachmann & Nagarajan, |2025}; Shao et al., 2025)), while in vision SSL many methods
learn from global semantics via contrastive/joint-embedding objectives (Chen et al., [2020bj |Grill
et al., |2020; |Caron et al.| [2021) and others inject spatial structure through handcrafted augmenta-
tions or predictive objectives such as masked modeling and JEPA-style prediction (He et al.| 2022
Assran et al., |2023). These approaches can yield strong representations, but the direction they im-
pose is largely static: the target construction does not adapt online to what a downstream verifier
says is valuable for the current model and example (Shi et al.| 2022} Bandara et al., 2023)). In con-
trast, value-based pretraining introduces a control loop that uses a small feedback set of verifiable
downstream tasks to modulate the pretraining target/views so that each unlabeled update aligns with
downstream improvement, directly addressing the value-per-step and feedback-efficiency pressures
highlighted in our introduction.

Bilevel optimization and influence. Downstream-aware task design naturally leads to bilevel op-
timization and unrolled differentiation through training (Maclaurin et al., 2015} [Franceschi et al.,
2018), which is costly at pretraining horizons. To our knowledge, existing work has not optimized
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both pretraining tasks and SSL augmentations in a bilevel optimization (Reed et al.,|2021)); the clos-
est approaches use a coordinate-descent-like step-wise optimization|You et al.|(2021;/2022); Jin et al.
(2022). We circumvent the computational challenges of this bilevel optimization using influence-
style methods that estimate the effect of training updates on downstream loss from gradients (Koh &
Liang, 2017; [Pruthi et al., 2020a). We build on these approximations but apply them to target/view
construction during pretraining: a controller learns to reshape the unlabeled supervision signal so
that each proxy update aligns with downstream improvement.

3  PRETRAINING WITH DOWNSTREAM FEEDBACK

We now treat task design as a learnable object. We refer to the large model being pretrained as the
learner with parameters 6. We refer to the auxiliary model as the task designer with parameters ¢,
since it controls how predictive learning targets and views are constructed. The downstream labeled
objective provides an evaluator through Lqown.

3.1 LEARNING TO DESIGN PRETRAINING TASKS

The task designer can parameterize the target construction, the view generator, or both. We consider
a learnable view generator A4 and a learnable target function 74:

(xcvxt,m) ~ Aqﬁ(m)a Yo = T¢($t,xc,ﬂL). (8)
The resulting pretraining objective is
Lpre (97 d)) = EINDE(II:C,.’Et,m/)NA¢(.’L‘) |:£ (90(f0 (xc)a m)a yqb)] . 9

The learner updates ¢ to minimize L., while the task designer updates ¢ to improve downstream
performance. Let Lgown(f) denote a downstream task loss computed from a small annotated set.
The ideal objective is

qun Laown(0*(¢)), where 0*(¢) = arg mein Lo (8;90). (10)

This bilevel formulation is conceptually clean but computationally prohibitive at pretraining scale
(Finn et al., 2017; [Rajeswaran et al.| [2019; [Franceschi et al.| [2018; Ji et al.l 2021). We therefore
replace long horizon unrolling with an online value signal.

3.2 VALUE FUNCTION FOR DOWNSTREAM FEEDBACK

We define feedback at the level of pretraining steps. Consider one learner update

0F =0— ngpre(e; ¢)7 gpre(e; ¢) = V«‘)Lpre(o; ¢)a (11)
and define the downstream gradient

gdown(g) = vGLdown(g)~ (12)
A first order Taylor expansion yields (Pruthi et al., 2020b; |Jung et al., 2025))
Ldowrl(9+) ~ Ldown(e) - ngdown(e)TQpre(e; ¢) (13)

This suggests scoring a proposed pretraining task by how well its induced gradient aligns with
downstream improvement. We therefore define the value function

V(¢, 9) = gdown(e)—rgpre(e§ ¢)7 (14)

which estimates the downstream improvement predicted from a single pretraining update under task
design ¢. The task designer is trained to maximize V(¢; 6) online.

We treat gqown as an evaluator and stop gradients through it. Defining Lyeta(¢) = —V(¢); 0) yields

0
Vo Luneta(9) = = gaown (6) " 5 | Vo Lorel0; )] (15)
a Hessian vector product that can be computed by automatic differentiation (Baydin et al.,2017;[Wu
et al.| [2024)). In practice, we compute the dot product on a restricted subset of learner parameters,
such as adapter weights or the last layers, to reduce cost while preserving a high quality value signal.
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Algorithm 1 Value-Based Pretraining with Downstream Feedback

1: Initialize learner parameters 6 and task designer parameters ¢

2: repeat

3: Sample an unlabeled batch = and construct (x.., z;, m)

4 Task designer produces (Ag, 7 ) and targets yy = 74 (¢, ¢, m)

5: Compute Lpye(0; ¢) and gpre = Vg Lpre(0; @)

6: Sample a labeled evaluator batch and compute gaown = Vg Ldown(6)
7¢

8

9:

Update ¢ by maximizing V(¢;6) = g4 ..9pre
: Update 6 by a gradient step on Ly (6; ¢)
until budget exhausted

3.3 ALGORITHMIC INSTANTIATIONS

We instantiate value-based pretraining on both language and vision modalities. Both share the same
value function Equation (T4) but differ in what the task designer controls. In both cases, the learner
minimizes L. on unlabeled data, while the task designer maximizes V' using a small labeled eval-
uator. This yields a concrete mechanism for weak-to-strong supervision, since the evaluator can be
much smaller than the learner (Burns et al., [2023)).

Language: task design via soft targets. In language modeling, the task designer controls the
target construction 7, while keeping the view generator fixed. Standard pretraining uses a one hot
target d,,, for the next token w; (Brown et al., 2020). We instead let the task designer produce an
instance specific soft target distribution g (- | w<;, w;) and train the learner by cross entropy to this
distribution. For efficiency, g4 is supported on a small candidate set, such as the top K tokens under
the current learner, and the task designer outputs a mixing coefficient «; that controls deviation from
the one hot label. The task designer is updated to maximize V(¢; #) computed from a downstream
task evaluator, making the learned targets downstream-aware by construction.

Vision: task design via learned views. In vision, the task designer controls the view generator
A, while keeping the base SSL objective form fixed. Given an image x, the task designer outputs
instance-specific augmentations that generate correlated views used by a standard SSL objective.
The learner encoder is trained exactly as in the base SSL method, but views are no longer produced
by a fixed handcrafted pipeline. The task designer is updated to maximize V(¢; 6) computed from
downstream evaluators, encouraging it to generate views whose induced self-supervised gradients
align with downstream improvement.

3.4 THEORETIC GUARANTEE

We provide simple guarantees showing that maximizing V is a principled proxy for bilevel opti-
mization and yields a certified one step decrease in downstream loss up to second order terms.

Theorem 3.1 (Value lower bounds one-step downstream improvement). Let 01 = 6 — 1) gpre(6; @)
Sor step size ) > 0 and define gaown(0) = Vo Ldaown(0). Under Equation , if Laown is L-smooth,

L 2
T |l gore(8; )12 (16)

Laown(0) = Laown(07) 2 nV(¢:0) — =~

Interpretation. When the step size is not too large, increasing V(¢; 6) increases a certified lower
bound on the one step improvement in downstream loss.

Proposition 3.2 (Value is the first-order surrogate of one step bilevel optimization). Fix 6 and define
the one step downstream objective

J(¢7 0) = Ldown(9 - 77V¢9Lprc(0; d))) . (17)
If Lyown is differentiable, then for small n,
‘]((ba 9) = Ldown(e) - 77V(¢, 9) + 0(772) (18)

Therefore, maximizing V(¢; 0) is equivalent to minimizing the first order approximation of J(¢; 6).

Lemma 3.3 (Unbiased stochastic value under independent sampling). Let Gaown and Gpre be unbi-
ased minibatch estimators of Ggaown () and gpre(6; ¢) computed from independent batches. Then

E[downfpre] = down(0) " gore (05 8) = V(3 6). (19)
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Parameter-efficient variants. When we compute V on a subset of parameters, g = (gs, gg) yields
V = down.s9pre,S + Ydgun g9pre,5- and the omitted term satisfies

g(j{rown,ggpre,§| < Hgdown,g’”2 ||gpre,§||2' (20)

4 EXPERIMENTS

We evaluate whether small, verifiable downstream feedback can steer continued pretraining under a
fixed unlabeled stream and matched learner update budgets.

4.1 SETUP

Setup. We compare a baseline of continued pretraining under state-of-the-art fixed task construction
to name continued pretraining with an additional task designer trained from downstream feedback.
Unless stated otherwise, we match runs by the learner update budget (same batch shape, sequence
length, optimizer, schedule, and number of learner optimizer steps), which fixes unlabeled tokens
processed. We report wall-clock overhead separately.

Language. Our baseline initializes from Qwen1.5 base checkpoints (0.5B/4B/7B) (Team),2024)) and
continues pretraining on NuminaMath CoT (LI et al., 2024). Examples are formatted as “Question:
...\n Answer: ...” and packed to fixed length. We compute loss only on the answer span by masking
prompt tokens for both baseline and value-based runs. For V-Pretraining, downstream feedback
uses 1,024 labeled GSMS8K training examples to compute gqown, but we never update the learner on
GSMSK labels. Evaluation uses GSM8K test Pass@1 with greedy decoding.

Vision. Our baseline starts from DINOv3 pretrained ViT backbones (Siméoni et al.||2025) and con-
tinue SSL on ImageNet1K (Deng et al., 2009) using a DINO-style objective (Caron et al.l [2021).
We use DINOv3 as our vision SSL baseline because it is a strong, widely adopted state-of-the-art
self-supervised representation learner, making improvements under its training recipe a meaningful
and challenging test of controllable pretraining. The baseline uses the default augmentation pipeline.
V-Pretraining replaces fixed view generation with a learned masking module. Downstream feed-
back uses small labeled pools from ADE20K segmentation (Zhou et al., 2017) and NYUv2 depth
(Nathan Silberman & Fergus| [2012) to compute gqown. We report ADE20K mloU, NYUv2 RMSE,
ImageNet linear accuracy, and instance retrieval transfer. Full architectural details and regularization
terms are provided in Section[A.2]

4.2 EVALUATION ON SELECTED DOWNSTREAM TASKS

[ Modality | Benchmark | Model/Size | Baseline | V-Pretraining |

0.5B 19.15 22.67
Language ((;ilsvs[?@KlT) 4B 56.48 58.98
7B 65.26 66.17
NYUv2 ViT-Base 0.5888 0.5697
(RMSE |) | ViT-Large 0.5752 0.5522
Vision ADE20K ViT-Base 48.82 49.60
’ (mlIoU 1) ViT-Large 51.33 52.40
INet-1K ViT-Base 0.8074 0.8101
(Acc% 1) ViT-Large 0.8407 0.8459

Table 1: Performance on downstream training tasks, tested on data from a possibly different
distribution from the downstream task dataset(s) under matched learner update budgets. Language:
GSMSK test Pass@1. Vision: ADE20K mloU, NYUv2 RMSE, and ImageNet linear accuracy.

We first measure whether V-Pretraining can steer continued pretraining to reliably improve perfor-
mance on chosen downstream tasks under fixed compute and unchanged unlabeled data. Table [I]
shows that when we evaluate on the same kind of downstream task that V-Pretraining was pretrained
on, it consistently improves performance for both vision and language modalities, including by up
to 14% for small language models. Note that even though the downstream task categories are the
same (e.g. reasoning), the data distributions evaluated in Table[I]are different from the downstream
data distribution used in V-Pretraining pretraining.
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Figure 2: Token efficiency, multi-objective control, scaling feedback coverage, and inference-time
compute. (a) GSM8K test Pass@1 versus unlabeled tokens processed for Qwenl.5-4B under
matched learner-step budgets. (b) Tradeoff between segmentation (mloU) and depth estimation
(1-RMSE) induced by varying feedback and task-designer hyperparameters.

Eliciting reasoning beyond next-token prediction. V-Pretraining’s value-based task design im-
proves GSMS8K across all three model sizes. Gains are largest for the 0.5B model, consistent with
the intuition that smaller learners benefit more from an explicit value signal. Importantly, these
improvements are obtained using only 1,024 GSMS8K training examples as feedback and without
updating the learner on GSMS8K, which supports the claim that a small evaluator can steer large
scale self supervision.

Eliciting dense prediction ability in vision SSL. In vision, the evaluator targets spatially grounded
capabilities. Using only 512 ADE20K and 512 NYUv2 images for feedback, value-based task de-
sign improves both ADE20K segmentation and NYUv2 depth relative to fixed augmentation base-
lines. ImageNet linear evaluation is maintained or improved, suggesting that learning view genera-
tion does not trade off global recognition to gain dense performance.

Tradeoff between multiple downstream tasks. A practical notion of “control” is the ability to
allocate progress across objectives. In vision, we use two dense evaluators (ADE20K and NYUv2)
and form a combined feedback signal by weighting their gradients, ggown = QsegJseg +XdepthJdepth-
Figure 2] (right) plots checkpoints obtained under different feedback weightings and task-designer
hyperparameters in the (ADE20K mloU, NYUv2 1-RMSE) plane. We observe a Pareto frontier
with dominated off-front configurations, showing that the same unlabeled pretraining stream can be
steered toward different dense capabilities by changing the downstream value signal. We provide
representative hyperparameter settings in Appendix [A.9]

Sample/token efficiency. Beyond final-step gains, we probe whether value feedback can make con-
tinued pretraining more foken-efficient in this lab-scale regime. We track GSM8K test Pass@1 as a
function of unlabeled tokens processed, under identical batch shape and optimizer steps. Figure [2]
(left) shows that value-based pretraining improves faster once steering begins: for Qwenl1.5-4B,
it reaches 56.18% Pass@1 after 400 learner steps (about 1.3%x107 tokens), while the baseline re-
quires 102 steps to reach comparable accuracy (56.22%). 7B curves follow the similar pattern. The
curve also exhibits an early transient dip, which we mitigate with a simple burn-in schedule that
delays task-designer updates until the learner stabilizes (Appendix [A-8). While this analysis is not
a full scaling study, it suggests that downstream feedback can increase value-per-token in continued
pretraining.

4.3 FEEDBACK EFFECTS ON GENERALIZATION

We test whether downstream feedback harms generalization using two regimes. Value adjacent
transfer evaluates tasks in the same capability family as the evaluator but under distribution shift.
Value extrapolative transfer evaluates tasks from different families.

Reasoning transfer. For value adjacent transfer, we evaluate on OMEGA Explorative (Sun et al.,
2025)), which contains diverse mathematical reasoning categories and explicit out of distribution
splits. We use a fixed prompt that requests a single final answer, decode with greedy generation,
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[ Modality | Benchmark | Model/Size | Baseline | V-Pretraining |

OMEGA 0.5B 0.65 0.65
iB 1.44 1.88
(Acc% 1) 7B 1.52 150
Language - :
MMLU 0.5B 38.08 35.01
(Accth 1) iB 53.32 53.51
7B 58.81 58.68
[ Modality | Benchmark | Protocol [ Baseline | V-Pretraining |
Easy 0.5268 0.6048
E;&’}‘f%“k Medium | 0.4072 0.4557
Vision Hard 0.0867 0.0820
(VIiT-L) ) Easy 0.5433 0.5973
F‘lza;‘??k Medium | 0.6332 0.7005
m Hard 0.2208 0.2509

Table 2: Evaluation on tasks not used for feedback. Language: value-adjacent transfer under
distribution shift (OMEGA) and value-extrapolative evaluation (MMLU). Vision: instance retrieval
transfer on Revisited Oxford/Paris.

and score exact match after normalization. For value extrapolative transfer, we evaluate on MMLU
using a standard zero shot multiple choice protocol.

Overall, value-based pretraining does not degrade generalization in aggregate (Table 2). On
OMEGA, gains concentrate on several out of distribution categories, while many categories remain
similar to the baseline and a few favor the baseline. On MMLU, differences are negligible at the
measured scale for models larger than 4B parameters. In contrast, smaller models (0.5B) exhibit
greater susceptibility to generalization degradation. This suggests that injecting a small value signal
can steer pretraining without collapsing broad competence.

Instance retrieval transfer. To test whether dense-task feedback harms transfer to a distinct vi-
sion capability, we evaluate frozen ViT-L representations on Revisited Oxford (R-Oxford5k) and
Revisited Paris (R-Paris6k) instance retrieval (RadenovicC et al.| 2018)). We extract a single global
descriptor per image by mean-pooling patch tokens, £o-normalize features, and rank database im-
ages by cosine similarity. Value-based pretraining improves mAP on the Medium protocol for both
datasets and improves Paris on Hard, while Oxford Hard remains comparable. These results sug-
gest that steering with dense evaluators does not reduce general-purpose retrieval transfer and can
improve it on standard benchmarks that are not used for feedback.

4.4 SCALING WEAK-TO-STRONG SUPERVISION

We study how weak downstream supervision scales with learner size, feedback coverage, and
inference-time compute.

Scaling learner size. In language, Table|I|shows that the same downstream dataset improves learn-
ers of varying sizes, from 0.5B to 7B parameters. Absolute gains decrease with the learner’s size
but remain positive. In vision, the same mechanism improves both ViT Base and ViT Large using
the same small dense downstream datasets.

Scaling feedback coverage. We vary the number of GSM8K feedback examples used to compute
Jdown, using 1,000, 2,000, and 3,000 examples. More coverage yields stronger and more stable
improvements (Figure 2} (a)), with diminishing returns beyond a few thousand examples.

Scaling inference-time compute. We evaluate Pass@¥k for k € {1,2,4,8,16} and find our method
consistently improves Pass@Fk across k£ and model sizes (Figure 2} (b)), suggesting that value-based
task design improves the quality of the solution distribution, not only greedy decoding.

Computation overhead. Table [3|reports steady state runtime on a single H100 for a representative
language setting. Relative to baseline next token prediction, value-based pretraining (V-Pretraining)
reduces throughput and increases step time modestly, with a small increase in peak memory. The
value update itself accounts for a small fraction of total GPU time, suggesting overhead is dominated
by soft target generation rather than the meta update. We provide the detailed setups in Section[A.6]
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Method Token/s | Step(s) Peak mem | Vb GPU frac

Baseline 45782 0.7157 15.71 GB -
38491 0.8513 16.38 GB

Value-Based | 500y | (1189%) | (+4.3%) 2.16%

Table 3: Steady-state computational overhead on a single H100 under matched training settings. We
report pretraining throughput (token per second), step time (second), peak GPU memory, and the
fraction of GPU time spent in the value-update (Vb).

Method Value Random | Uniform ggélla-
feedback | feedback | smoothing tion
Pass@1 | 58.98 54.31 54.58 57.61

Table 4: GSMS8K test Pass@1 (early stopping witin 2,000 continued-pretraining steps) for Qwen1.5-
4B. Value feedback uses the true downstream gradient gqown. Random feedback replaces gqown With
a random vector. Uniform smoothing and self-distillation apply fixed soft targets without down-
stream feedback.

4.5 ABLATION STUDIES

Decontamination. We decontaminate NuminaMath CoT by removing near-duplicates of GSM8K
and MATH using MinHash LSH and n-gram Jaccard similarity (Gionis et al., [1999; |Cobbe et al.,
2021). Retraining 4B models under the same budget, V-Pretraining maintains its advantage over
baseline (57.5% vs. 56.7% Pass@1), suggesting gains are not driven by memorization.

Feedback and augmentation ablation. Table [ isolates the role of the downstream value signal
in language steering. Replacing the downstream gradient with a random vector removes most of
the benefit, dropping GSM8K Pass@1 from 58.98 to 54.31. Two compute-matched target-shaping
baselines that do not use downstream feedback, fixed top-K uniform smoothing (54.58) and self
top-K distillation (57.61), also underperform value feedback. The results indicate that gains require
a task-relevant value signal that aligns pretraining updates with downstream improvement, rather
than generic label smoothing or self-distillation.

5 DISCUSSION AND CONCLUSION

We introduce V-Pretraining, a value-based framework for controlled pretraining. In this frame-
work, a lightweight task designer reshapes self-supervised targets and views to maximize the down-
stream value of each unlabeled update. Conceptually, V-Pretraining provides a self-supervised ana-
logue of weak-to-strong supervision. A small evaluator supplies weak but reliable goal information,
while the large learner continues to learn only from scalable self-supervision and is never trained
on downstream labels (Burns et al.,2023)). This approach also connects directly to scalable over-
sight and alignment. By defining a value function that can be grounded in human-validated signals,
V-Pretraining offers a mechanism to steer representation formation and learning dynamics toward
what humans want during the high-compute phase, rather than only correcting behavior afterward.
Finally, our method responds to the growing need for compute efficiency. As the economic and
computational costs of simply adding parameters or tokens increase (Kaplan et al.,|2020; |Hoffmann
et al., 2022} Dettmers} [2025)), alternative approaches become necessary. V-Pretraining targets a com-
plementary lever in this landscape: extracting more downstream value per gradient step under a fixed
unlabeled stream and learner update budget.

Several directions are needed to broaden the applicability of value-based pretraining. First, many
realistic feedback channels are online or non-differentiable, such as preference judgments, pass/fail
checks, and tool success. These settings motivate the development of value estimators that can learn
from such signals while remaining lightweight relative to pretraining. Second, our formulation sug-
gests blurring the boundary between pretraining and post-training (Christiano et al.| 2017; |(Ouyang
et al.;[2022; Rafailov et al.,[2023)). Together, these extensions would further position value-based pre-
training as a practical control channel for compute-efficient capability shaping and human-aligned
training at scale.
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A ADDITIONAL EXPERIMENTAL DETAILS

This appendix provides implementation details for the language and vision experiments, includ-
ing (i) compute-matched baselines, (ii) preprocessing and data pipelines, (iii) learner/task-designer
architectures, and (iv) hyper-parameter selection.

A.1 LANGUAGE: CONTROLLED CONTINUED PRETRAINING

Task and compute-matched baseline. We study controlled continued pretraining of pretrained
causal LMs on an unlabeled math corpus. The compute-matched baseline is standard next-token
prediction (NTP) on the same unlabeled stream, with the same sequence length, optimizer, schedule,
batch shape, and number of learner optimizer steps as V-Pretraining. We match by learner update
budget (and thus unlabeled tokens processed), and report wall-clock overhead separately.

Unlabeled data and preprocessing. We use AT-MO/NuminaMath—-CoT (train split) as the un-
labeled stream. Each example contains a problem statement and a solution. We format each sample
as:

Question: {problem}\n Answer: {solution}

We tokenize prompt and answer separately and compute pretraining loss only on the answer span by
masking prompt tokens (labels set to —100 for prompt positions). For efficiency, we pack multiple
formatted examples into fixed-length sequences (sequence length 1024 in our main runs) using a
streaming dataloader with shuffling buffer size 10,000. This packing ensures compute utilization
while preserving the answer-only loss protocol.

Learner models. Our learner is an off-the-shelf causal LM initialized from pretrained checkpoints
(Qwen family in the main paper). We use standard AdamW with cosine learning-rate schedule and
linear warmup, and clip gradients to stabilize training. Unless otherwise stated, runs use bfloat16 on
GPU and TF32 matmul for throughput.

Task designer: adaptive top-K target distributions. In language, the task designer outputs
instance-wise soft targets over a small candidate set. Concretely, at each position ¢, we take the
learner’s top-K candidate tokens under its current logits. The designer predicts a distribution pe(-)
over these candidates and an adaptive mixing gate oy € [0, max]. The resulting training target is
the mixture:

qp = (1 — ) 8y, + s pe(-),

where §,, is the one-hot label for the ground-truth next token y;. The learner is trained by cross-
entropy to g4, while prompt-masked positions are excluded from loss as above.

Designer architecture and parameterization. We implement the designer as a small decoder-
only Transformer (LLaMA-style backbone) that conditions on (i) the current token context and
(ii) the embedding of the true next token, and produces: (i) scores over the provided top-K ids
(without computing full-vocabulary logits), and (ii) the gate a; via a sigmoid head. A representative
configuration is a 6-layer Transformer with hidden size 256 and 4 attention heads.

Value signal and meta-update. The value signal is the dot-product alignment between (a) the
gradient of a downstream evaluator loss (computed on a small labeled GSMS8K feedback set) and (b)
the gradient of the self-supervised loss induced by the current designer. We compute this alignment
on a restricted subset of learner parameters (e.g., last-layer blocks / adapters) to reduce second-order
cost while preserving a high-quality signal. During the main learner update, designer outputs are
detached so the learner update does not directly backpropagate into the designer; the designer is
updated periodically (every K learner steps) using the alignment objective.

Downstream evaluator data. For the meta signal, we use a small labeled subset of GSMS8K train-
ing examples (e.g., 1,024 examples) as the evaluator. Importantly, the learner is never trained on
GSMB&K labels as supervised targets for the learner update; labels are only used to define the evalu-
ator gradient.
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Hyper-parameter selection (language). For each model size and method (baseline and V-
Pretraining), we sweep five learner learning rates uniformly in [5x 1076, 1 x 10~°] and report re-
sults using the best-performing setting under our fixed training budget. All other hyper-parameters
(sequence length, optimizer betas, warmup fraction, gradient clipping, K, aax, and meta-update
frequency) are held fixed across the sweep.

Evaluation (GSMS8K). We evaluate GSMS8K using greedy decoding (Pass@1) with a fixed prompt
template and exact-match on the final numeric answer after normalization. (When using few-shot
prompting, demonstrations are sampled from the GSM8K train split with a fixed seed for repro-
ducibility.)

A.2 VISION: CONTINUED SELF-SUPERVISED LEARNING WITH LEARNED VIEWS

Task and compute-matched baseline. In vision, we continue self-supervised pretraining on
ImageNet-1K using a DINO-style student—teacher objective. The baseline uses the standard
fixed multi-crop augmentation pipeline, and V-Pretraining replaces fixed view generation with an
instance-wise learned masking module. We compute-match by keeping the same backbone, unla-
beled ImageNet stream, batch size, optimizer, schedule, and number of SSL steps.

Backbone and SSL objective. We initialize from DINOv3 pretrained ViT backbones (ViT-B /
ViT-L) and continue training with: (i) a DINO projection head (output dim 8192), (ii) 2 global
crops (default 224) and 6 local crops (default 96), (iii) EMA teacher update with cosine momentum
schedule (base momentum =~ 0.996), (iv) centering with momentum (default 0.9), and temperatures
(representatively T; = 0.1, T} = 0.04). Optimization uses AdamW with cosine LR schedule and
warmup (bfloat16 AMP by default), with gradient clipping.

Task designer: learned soft masks for view generation. The vision task designer outputs a
continuous mask mg(z) € [0,1]7*W per image (or per crop), applied via a differentiable soft-
masking operator to produce the augmented view. During the main SSL step, masks are applied
under no_grad so the SSL update does not directly train the designer. In the meta step, the same
masking operation is applied with gradients enabled, allowing the alignment objective to update the
designer.

Designer architecture. We use lightweight mask generators such as: (i) a tiny U-Net style module
(e.g., base channels 16, depth 3), or (ii) a small Transformer-based masking module (SiT-style) with
moderate width and depth. By default, the mask is applied to global crops only (leaving local crops
unchanged), though we also experiment with masking all crops.

Downstream evaluators (dense tasks). We use two dense evaluators to define the value signal:
ADE20K semantic segmentation and NYUv2 depth prediction. We maintain small labeled sub-
sets for (i) training lightweight downstream heads and (ii) held-out meta batches used to compute
evaluator gradients:

e ADE20K: a labeled train subset and a labeled meta subset (representatively 2,000 train /
512 meta).

* NYUv2: a labeled train subset and a labeled meta subset (representatively 512 train / 128
meta).

Meta step details (vision). Each meta step consists of: (1) updating segmentation/depth heads
on labeled train mini-batches with the backbone frozen, (2) computing g4own 0On labeled meta mini-
batches w.r.t. a subset of backbone parameters (last k ViT blocks), (3) computing gs¢; on an unlabeled
meta-SSL batch with masks applied (with create_graph=True), (4) updating the designer by
minimizing:
Lmeta(¢) = 7<gdownv gssl> + Aspars Rspars(mqb) + )\tv Rtv(m¢)7

where Rpars €ncourages a target keep-ratio and R, encourages spatial smoothness. To support the
required second-order gradients through attention, we disable flash/memory-efficient SDPA kernels
during the meta forward/backward.
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Hyperparameter ADE sweep Depth sweep

Student LR 1r log-uniform [10~%,5-10~°] | log-uniform [10=%,5-1077]
Meta freq meta_every {2,4,8} {2,4,8}

Meta SSL batch meta_ssl batch_size | {32,64,128} {32,64,128}

Align scope align_last _k blocks {2,3.4} {2,3.4}

Augmentor LR augmentor_1r log-uniform [10~%,1073] log-uniform [10~%,1073]
Augmentor arch augmentor_arch (fixed / default) {unet, sit}

Mask keep mask_keep_ratio {044,0.5,0.6,0.7} {0.4,0.5,0.6,0.7}
Sparsity 1ambda_sparsity log-uniform [0.1, 3.0] log-uniform [0.1, 3.0]
TV lambda_tv log-uniform [0.005, 0.2] log-uniform [0.005, 0.2]
Task weights alpha_seg, alpha_depth | {0.5,1,2,4,8,16} {0.5,1,2,4,8,16}

Table 5: W&B Bayesian sweep search spaces for vision. ADE sweep maximizes
eval/bestmiou and NYUv2 sweep minimizes eval/best_rmse. :contentRefer-
ence|oaicite:4]index=4 :contentReference[oaicite:5]index=5

Evaluation protocols. We evaluate representation quality using: (i) ADE20K mloU with standard
label remapping (ignore void) and either a linear-BN probe or a small conv decoder, (ii)) NYUv2
depth using RMSE (and auxiliary metrics such as AbsRel and d7), with standard min/max depth
clipping and optional Eigen crop, (iii) ImageNet-1K linear evaluation with a linear-BN head trained
on frozen features (or partial finetuning of the last k£ blocks in ablations). For DINOv3 HF back-
bones, we disable training-time positional embedding augmentation at evaluation to keep train/eval
features consistent.

A.3 HYPER-PARAMETER SWEEPS

Vision sweeps (W&B Bayesian optimization). We use Weights & Biases Bayesian sweeps for
vision hyper-parameters. Each sweep trial continues SSL for a fixed budget (e.g., 20k steps), peri-
odically evaluates, and optimizes the sweep metric:

* Segmentation-focused sweep maximizes eval/best_miou (ADE20K).

* Depth-focused sweep minimizes eval /best_rmse (NYUv2).

Across sweeps we tune (representative ranges): student LR (log-uniform [1076,5 - 10~°]), meta
frequency ({2,4,8}), meta SSL batch size ({32,64,128}), alignment scope (last & blocks, {2,3,4}),
designer LR (log-uniform [10~%, 10~2]), mask keep ratio ({0.4,0.5,0.6,0.7}), sparsity/TV regulariz-
ers (log-uniform), and evaluator weightings cveg, Ctaepm € {0.5,1,2,4,8,16}. For depth sweeps we
additionally tune the designer architecture ({U-Net, SiT}).

Language sweeps. For language, we sweep five learner learning rates uniformly between 5x10~°
and 1x107°, and use the best setting under the fixed continued-pretraining budget for both baseline
and V-Pretraining. All other settings (data formatting/packing, K, amax, meta-update period, and
evaluator batch size) are held constant to isolate the effect of value-based task design.

A.4 VISION SWEEPS AND SELECTED HYPERPARAMETERS

W&B Bayesian sweeps. For vision, we selected hyperparameters using Weights & Biases
Bayesian optimization (“bayes” sweeps). We used two sweep configurations: (i) an ADE20K sweep
that maximizes eval/best_miou :contentReference[oaicite:0]index=0, and (ii) a NYUv2 sweep
that minimizes eval /best_rmse :contentReference[oaicite:1]index=1. Unless otherwise stated,
sweeps used method=meta, max_steps=20000, checkpointing every 5k steps, and linear probe
evaluation every 2k steps with eval_head type=linear bn and eval_ft_ mode=linear.
:contentReference[oaicite:2]index=2 :contentReference[oaicite:3]index=3 For ViT-L runs, we used
the same scripts but adjusted batch sizes and (in some cases) allowed larger task weights (e.g.,
alpha_seg=32) and smaller meta SSL batch sizes (e.g., meta_ssl batch_size=16) due to
memory.

Best configurations (selected runs). Tables summarize the exact hyperparameters for the
best-performing runs referenced in the paper. “—" indicates the script default (flag not explicitly set).
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Setting ADE20K (ViT-L) NYUv2 (ViT-L)

Script sweep-meta_train_eval.py sweep-meta_train_eval_depth.py
Backbone ckpt dinov3-vitll6-pretrain-1vdl689m | dinov3-vitll6-pretrain-1vdl1689m
Batch size 50 50

1r 1.3506x 10~ 1.9395x107°

augmentor_arch - unet

augmentor_lr 6.6837x10~% 8.0299 x 107

meta_every 8 2

meta_ssl batch_size | 16 32

align_last_kblocks | 4 4

mask_keep_ratio 0.6 0.4

lambda_sparsity 0.2179 0.4013

lambda_tv 0.007764 0.1592

(usngs a(lupfh) (32,8) (32, 16)

Table 6: Best vision configurations for ViT-L. Reported as command-line flags in our sweep
scripts.

Setting ADE20K (ViT-B) NYUv2 (ViT-B)

Script sweep.-meta_train_eval.py sweep-meta_train_eval_depth.py
Backbone ckpt dinov3-vitbl6-pretrain-1vdl689m | dinov3-vitbl6-pretrain-1vdl689m
Batch size 256 256

1r 4.2223x107° 8.5808 x 10~°

augmentor_arch - sit

augmentor_1r 3.3782x1077 2.2101x 1077

meta_every 4 8

meta_ssl_batch_size | 32 64

align_last _k blocks | 2 3

mask keep_ratio 0.6 0.4

lambda_sparsity 1.8138 0.1107

lambda_tv 0.04841 0.04165

(aseg7 adepth) (1, 16) (16’ 2)

Table 7: Best vision configurations for ViT-B. The ViT-B sweep spaces are specified in the W&B
configs. :contentReference[oaicite:6]index=6 :contentReference[oaicite:7]index=7

A.5 GENERALIZATION TESTS WITH OMEGA BENCHMARK

Evaluation protocol details. We use allenai/omega-explorative and evaluate each con-
figuration name as a separate setting. We evaluate on in-distribution (ID) and out-of-distribution
(OOD) splits respectively. The prompt begins with an instruction to solve step by step and to out-
put only a final latex box like [ - | answer, then appends the OMEGA example text from the dataset
messages field and ends with the literal string Answer:. We run with n_shot=0 in our main
experiments, and the code optionally supports few shot prompting by sampling demonstrations from
the dataset train split using the provided seed and formatting each demonstration with the ground
truth inside [ - ]. We tokenize with left padding and truncate the input to fit the model context limit.
We decode deterministically with temperature=0. We extract the prediction by first taking the
content of the first[ - | span if present, otherwise the content after the last occurrence of an Answer :
tag, otherwise the last non empty line. We normalize by stripping common LaTeX wrappers and
collapsing whitespace. Exact match uses string match after whitespace removal, and numeric an-
swers are additionally matched by parsing decimals or fractions and applying a tolerance of 1073
with a relative component. Models are loaded as PEFT adapters.

A.6 COMPUTATION OVERHEAD

Goal. We benchmark the computational overhead of our value-based training (Vb) relative to the
baseline next-token prediction (NTP) continued-pretraining loop. The benchmark is designed to
isolate the incremental cost introduced by Vb (soft-target generation and the value update) while
keeping the student training configuration fixed.

Hardware and software. All measurements are collected on a single NVIDIA H100 GPU with
identical software environments across methods (same CUDA/PyTorch/Transformers stack). Both
runs use the same numerical precision (bf16) and identical performance toggles (e.g., TF32, gradient
checkpointing, and compilation settings are either enabled for both or disabled for both).

19



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

Controlled training configuration. Baseline and Vb use the same student model initialization,
optimizer and learning-rate schedule, and the same effective batch shape: batch size, sequence
length, and gradient accumulation are held constant. We also keep the same maximum gradient
norm and all other training hyperparameters that affect the student update. The only difference be-
tween the two conditions is enabling the Vb components (soft targets and the periodic value update)
in the training loop.

Timing protocol and steady-state window. To avoid one-time startup effects (e.g., kernel/JIT
warmup and cache population), we separate the run into a warmup phase and a measurement phase.
We exclude the first W steps from reporting and then measure over a fixed window of T' steps.
We report step time and throughput using wall-clock time synchronized at the start and end of the
measurement window (with CUDA synchronization to ensure accurate GPU timing). Throughput is
computed as:
T - (batch_size x seq-len x grad_accum)

At ’
where At is the measured wall-clock time for the T'-step window.

tok/s =

Memory measurement. We record peak GPU memory using PyTorch CUDA memory statistics
reset at the start of the measurement window and queried at the end (peak allocated and, when
relevant, peak reserved). Peak allocated memory is the primary metric reported in the paper, since it
most directly reflects the minimum required device capacity.

Isolating value-update cost. In addition to end-to-end throughput and step time, we quantify
how much of the measured GPU time is spent inside the value-update block. We instrument the
value-update region with CUDA events and accumulate GPU-time across all value updates occurring
during the measurement window. The Vb GPU fraction reported in Table [3]is computed as:

U vb
Zu:l 5‘ )
At
(Vb)

where t;, ~ is the CUDA-event elapsed time of the u-th value update, U is the number of value
updates executed in the window, and At is the total window duration. This metric separates the
periodic value-update overhead from the per-step overhead (e.g., generating soft targets).

Vb GPU frac =

Value update cadence. Vb performs a value update every K student steps (parameter
value_update_every). To obtain stable averages, we choose T such that the measurement
window contains many value updates (i.e., 7' > K). This prevents the estimate from being domi-
nated by a small number of updates and ensures the reported overhead reflects typical steady-state
behavior.

Data pipeline considerations. We run the benchmark in a consistent end-to-end setting (including
the same dataloader behavior) for both methods. In cases where dataloader variability is a concern,
a compute-only variant can be used by feeding fixed synthetic batches resident on GPU; this variant
reduces input-pipeline noise and isolates algorithmic overhead, but we primarily report end-to-end
results since they reflect practical training performance.

Reporting. We summarize the comparison with steady-state tokens/sec, mean step time, peak
memory, and the Vb GPU-time fraction. When reporting ratios, we compute Value-Based/Baseline
for each metric and interpret them as throughput reduction, step-time inflation, and memory increase
attributable to Vb under otherwise matched conditions.

A.7 VALIDATING THE FIRST-ORDER VALUE ESTIMATE

The per-step value signal V = gc—irown Jpre 18 n0isy due to minibatch gradients and stochastic training.

To validate its meaning, we perform a “probe” test: we compute A = 7gJ . goe on a held-
out GSMS8K probe batch and compare it to the realized one-step decrease in probe loss after an
SGD-style update on gpre. Across probe measurements, predicted and realized improvements are
positively correlated (Pearson » = 0.657), supporting the influence-style first-order approximation
used to train the task designer.
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A.8 TOKEN-EFFICIENCY DIAGNOSTIC FOR LANGUAGE

We report a token-efficiency diagnostic by evaluating GSM8K test Pass@1 at fixed checkpoints
during continued pretraining. The x-axis counts unlabeled tokens processed, computed as tokens =
steps x (batch_size x seq_len x grad_accum), under identical learner training settings. Because
Pass@1 is noisy and non-monotone across checkpoints, we report both the raw curve and a “best-
so-far” curve (running maximum) in Figure X. We emphasize that this is a pilot diagnostic in a
constrained regime, not a full scaling study.

A.9 MULTI-OBJECTIVE TRADEOFF DETAILS IN VISION

To study controllable tradeoffs, we use two evaluators (ADE20K segmentation and NYUv2 depth)
and combine them by a weighted gradient signal gaown = Olsegfseg + Qdepthdepth- We sweep
feedback weights and task-designer hyperparameters (optimizer settings and regularizers) and plot
each resulting checkpoint in the (mloU, RMSE) plane. Figure X shows a Pareto frontier along with
dominated off-front points.

B PROOFS
Assumption B.1 (L-smoothness). A function f is L-smooth if for all 6, §’,

7)< F6) + VIO 6) + 2116 0] e

Proof of Theorem[3.1] We assume that Lgown is L-smooth. Apply equation with 6/ =
0 — ngpre(0;¢) and substitute VLZgown(d) = Gdown(d). The linear term becomes

—n gdown(Q)Tgprc(H; @) = —nV(¢;0), and the quadratic term yields %’2 lgpre 3. O

Proof of Theorem[3.2] Take a first order Taylor expansion of Lgown around ¢ evaluated at 6 —
nVGLpre(0§ ¢) The linear term yields —n gdown('g)TVQLpre(o; QZ)) =1 V(¢7 0) O

Proof of Theorem[3.3] Independence implies E[G,, .. dpre] = Elddown] E[dpre]. Unbiasedness
gives the result. O
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