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Abstract

Injecting factual knowledge into large language models (LLMs) reliably and at
scale remains an open challenge.

Hypernetworks provide a promising solution to large-scale knowledge injection.
Although hypernetworks are typically applied for test-time adaptation, we explore
their use in train-time knowledge injection, where, given a large corpus of facts,
we train a hypernetwork to generate a fixed LoRA adapter that, when inserted into
the target model, enable the model to answer questions about those facts.

In this work, we investigate whether hypernetworks can be used to perform train-
time knowledge injection and how this ability varies with scale. The scaling
behavior of hypernetworks themselves remains largely unstudied.

Our design decouples the injection capacity of the hypernetwork from the general
capability of the target model, enabling, for the first time, a rigorous and controlled
study of scaling laws for hypernetwork architectures in the context of knowledge
injection. We characterize how loss, reasoning accuracy, and out-of-distribution
(OOD) generalization vary as functions of hypernetwork depth, width, and target
network size. To this end, we construct a large-scale dataset, called MegaWikiQA,
containing tens of millions of multi-hop question-answer examples across 39
knowledge domains constructed from examples in WikidatabM.

Our results reveal: (i) hypernetwork-based injection exhibits broadly predictive
power law scaling along all architecture axes; and (ii) hypernetworks are capable
of reliable OOD generalization to unseen entities and relations at increasing scales,
suggesting that hypernetwork adaptation provides a promising alternative to other
train-time adaptation methods such as LoRA finetuning and full fine-tuning, ex-
hibiting steeper scaling exponents in all OOD evaluations. Together, these results
establish hypernetworks as a principled and scalable substrate for train-time knowl-
edge injection, and provide the first empirically grounded scaling laws to guide
hypernetwork design for factual reasoning in large language models.'

1 Introduction

The ability to inject and generalize factual knowledge in large language models (LLMs) is fundamental
to their deployment in knowledge-intensive settings, where models must reliably condition their
outputs on specific facts from a large fixed text corpus, particularly involving knowledge that may not
be well-represented in pretraining. For example, in medical applications, API-based LLM solutions
are inappropriate due to the sensitivity of patient data, and adaptation of a local LLM is preferable
[Kothari and Gupta, 2025]. In specific domains, such as law and finance, questions may depend on
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domain-specific knowledge that is missing from the LLM [Ling et al., 2026], such as new financial
regulations [Yang et al., 2023], enterprise internal policies [Liu et al., 2025a], etc.

A natural approach to address this challenge is fine-tuning, but full fine-tuning can be prohibitively
expensive. Parameter-efficient fine-tuning (PEFT) methods such as LoRA [Hu et al., 2022] can help
to reduce the cost of fine-tuning, but both fine-tuning and PEFT methods are prone to catastrophic
forgetting [Kotha et al., 2024, Li et al., 2024] and can struggle with out-of-distribution (OOD)
generalization [Hajipour et al., 2024].

Due to these limitations, we explore an alternative and promising approach for knowledge injection
that does not share the same limitations. In this work, we study the injection of knowledge via
hypernetworks [Ha et al., 2017] a paradigm in which a secondary network, conditioned on a set of
injected facts, generates contextual weight adaptations (e.g., LoORA adapters) for the target model.
This approach avoids modifying the base parameters of the target model, which can help to mitigate
catastrophic forgetting and facilitate OOD generalization. Hypernetworks can incorporate additional
information from their input which can lead to higher-quality representations and more compute-
efficient learning of high-quality adapters for the target model. See Figure 1 in Section 4.2 for an
overview.

We emphasize that our work focuses specifically on train-time knowledge internalization: both the
hypernetwork and all finetuning baselines we compare against are trained to compress a fixed fact
corpus {2 into target model weights, and are evaluated on queries without any inference-time access
to 2. This isolates the effect of the training-time adaptation mechanism, which is the object of study
in our scaling laws. Our novel approach is in stark contrast to the typical usage of hypernetworks
for test-time adaptation, which is more akin to knowledge editing [Mitchell et al., 2022, Meng et al.,
2022, 2023, Cohen et al., 2024], which we not consider in this paper.

Despite their theoretical appeal, there exists no systematic characterization of the scaling behavior of
hypernetwork-based knowledge injection. The central contribution of this paper is the first empirical
and analytical study of scaling laws for hypernetwork-based knowledge injection. Concretely, we
investigate how performance varies as a function of: (i) the width of the hypernetwork; (ii) the depth
of the hypernetwork; (iii) the size of the target language model; and (iv) the quantity of injected facts.
In our experiments, we consider hypernetworks with sizes ranging from 167M to 2.8B parameters. In
order to perform such scaling experiments, we require a large labeled dataset of question-answer pairs.
To this end, we construct such a dataset, called MegaWikiQA, by extracting subject-relation-object
triplets from WikidatabM [Wang et al., 2021b], enabling controlled scaling over millions of facts
with rigorous evaluation of the model’s multi-hop reasoning ability.

Our results reveal that hypernetwork-based knowledge injection exhibits smooth, predictable scaling
behavior in contrast to the sharp failure modes documented for parametric editing. We further show
that hypernetwork-generated adaptations generalize across unseen entities and relations, support multi-
hop compositional queries, and exhibit steeper OOD generalization scaling than both LoRA finetuning
and full finetuning as the target model size increases, while achieving comparable performance on
in-distribution validation.

‘We make the following core contributions in this work:

1. We provide the first systematic study of scaling laws for hypernetwork-based knowledge injection
along multiple axes: (1) hypernetwork architecture parameters including transformer depth and
width; (2) the size of the target language model; and (3) the number of injected facts (Section 5).

2. We characterize the regimes where hypernetwork scaling yields diminishing returns. We find that
scaling the depth and width yields comparable performance improvement, and that scaling the
target model offers substantially better improvement than scaling the hypernetwork (Section 5.3
and Table 1).

3. We provide direct scaling law comparisons between hypernetwork adaptation, LoRA finetuning,
and full finetuning across target model size. While finetuning methods scale slightly better on
in-distribution validation, the hypernetwork exhibits substantially steeper OOD generalization
scaling across all three OOD splits, and this advantage grows with target model scale (Sections 5.5
and 5.6).

4. We release a reproducible large-scale benchmark, MegaWikiQA, built on Wikidata5M with deter-
ministic multi-hop question generation and explicit OOD evaluation sets, suitable for knowledge
injection research, post-training, and evaluation of factual reasoning in LLMs (Section 3).
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FIGURE 1: Diagram of the proposed hypernetwork-based approach for knowledge injection, showcasing a single
example. Only hypernetwork parameters are learned whereas target model parameters are frozen.

2 Related Work

Fine-tuning and PEFT for Knowledge Injection. The term knowledge injection® was introduced
in early work on injecting structured knowledge into pretrained language models, including K-
BERT [Liu et al., 2020], K-Adapter [Wang et al., 2021a], and ERNIE [Zhang et al., 2019], and has
since been widely adopted to describe fine-tuning-based approaches for incorporating knowledge from
a corpus into models [Ovadia et al., 2024]. Full fine-tuning is the most straightforward approach to
knowledge injection, but is prohibitively expensive at scale and prone to catastrophic forgetting [Kotha
et al., 2024, Li et al., 2024]. Parameter-efficient fine-tuning (PEFT) methods such as LoRA [Hu
et al., 2022] reduce adaptation cost but do not eliminate forgetting [Li et al., 2024], and struggle with
out-of-distribution generalization to unseen entity and relation combinations [Hajipour et al., 2024].
More fundamentally, injecting new factual knowledge through supervised fine-tuning is inherently
difficult: new facts are learned significantly slower than facts that are consistent with pretraining, and
as they are eventually learned, they increase the model’s tendency to hallucinate [Gekhman et al.,
2024].

Hypernetworks for Knowledge Injection. Hypernetworks [Ha et al., 2017] are networks whose
outputs are the weights of another network, enabling dynamic and input-conditioned parameterization.
Beyond knowledge editing, hypernetworks have been applied to parameter-efficient adaptation
across tasks and languages: notably, Hyper-X [Ustiin et al., 2022] generates adapter module weights
conditioned on joint task and language embeddings, enabling zero-shot transfer to unseen task-
language combinations without training separate adapters per configuration. Two prior studies are
most closely related to ours in the context of knowledge editing. MEND [Mitchell et al., 2022]
trains a hypernetwork to transform the gradient of a language modeling loss on an injected fact,
applying the transformed gradient to update the base model. Building on this, PropMEND [Liu
et al., 2025b] extends MEND by modifying the meta-training objective to encourage multi-hop
propagation of injected knowledge, showing improved performance on non-verbatim propagation
questions. Critically, both MEND and PropMEND operate in gradient space: the hypernetwork
transforms a gradient signal, after which the resulting update is applied to the base model parameters.
These methods are prone to model instability when the number of injected facts grows beyond
~ 1000 [Gupta et al., 2024]. Our approach departs from this paradigm by using the hypernetwork to

2Following prior usage of the term [Ovadia et al., 2024, Wang et al., 2021a, Liu et al., 2020, Zhang et al., 2019], we use
knowledge injection to refer to the general task of teaching a pre-trained model a body of knowledge from a text corpus,
regardless of whether that knowledge is entirely novel to the model. In particular, the model may already have partial exposure
to the injected facts through pretraining; the goal is to reliably condition the model’s outputs on the specified corpus.



directly predict LoRA-style weight adaptations [Hu et al., 2022] conditioned on the injected facts at
inference time, with no modification of base parameters, which helps to avoid instability.

Scaling Laws for Hypernetworks. The study of neural scaling laws gained prominence with Ka-
plan et al. [2020], who established power-law relationships between model size, dataset size, training
compute, and validation loss for autoregressive language models. Subsequent work extended scal-
ing analyses to specific capabilities including in-context learning [Brown et al., 2020], instruction
following [Ouyang et al., 2022], and reasoning Wei et al. [2022]. More recently, Béthune et al.
[2025] extended scaling law analyses to the finetuning regime, deriving power-law relationships that
quantify catastrophic forgetting as a function of model size, finetuning data volume, and the fraction
of pretraining data injected into the finetuning mixture. The closest prior work to ours is Gu and
Yeung-Levy [2025], who show that hypernetwork performance improves as the backbone foundation
model is scaled up in the context of implicit neural representation tasks. However, their scaling
analysis is restricted to varying the target network size, focuses on image and audio reconstruction
rather than knowledge injection, and does not explore scaling the hypernetwork architecture itself.
The scaling behavior of hypernetworks, which must learn to generate weights for a separate frozen
target network conditioned on structured inputs, introduces qualitatively different questions: how
does depth versus width of the hypernetwork affect the quality of generated adaptations, and how
does hypernetwork capacity interact with target model size? To our knowledge, no prior work has
studied these questions empirically. Our work fills this gap by providing the first empirical scaling
laws for hypernetwork architectures in the context of knowledge injection.

Knowledge Injection Datasets. Existing benchmarks for knowledge injection and editing vary
significantly in scale and construction methodology. ZsRE [Levy et al., 2017] contains tens of
thousands of examples and predates modern LLMs, limiting its suitability for large-scale evaluation.
UniEdit [Chen et al., 2025] and WikiBigEdit [Thede et al., 2025] represent more recent efforts at
311K and 500K examples respectively, with broader domain coverage. However, both are designed
primarily for parametric inference-time knowledge editing rather than knowledge injection. In
inference-time knowledge editing, the task is to answer questions where each question is conditioned
on new (possibly counterfactual) facts. Furthermore, past benchmarks rely on LLM-generated
questions which may introduce noise and stylistic bias. More broadly, none of these datasets are
designed to support scaling experiments across multiple orders of magnitude, where larger models
may become increasingly sensitive to confounding effects such as noise and bias. We construct
MegaWikiQA to fill this gap, with fully deterministic grammar-based question generation, over 10
million examples per number of hops, and explicit OOD domain splits for controlled evaluation.

3 Dataset Construction: MegaWikiQA

A rigorous study of scaling laws for knowledge injection requires a dataset that is large-scale, struc-
turally rich, deterministic in its ground-truth labels, and capable of supporting both single hop and
multi-hop compositional evaluation. Support for multi-hop evaluation is critical because, in the
knowledge injection setting, the model may be required to perform multi-hop and compositional
reasoning over multiple injected facts in order to answer a question, as opposed to recall individual
memorized facts. Ideally, the dataset should contain several orders of magnitude in its number of
examples to enable rigorous scaling experiments. To that end, we construct our dataset, MegaWikiQA,
entirely from WikidatabM [Wang et al., 2021b], a large scale knowledge graph containing approxi-
mately 4.6 million entities, 822 relations, and over 22 million triplets of the form (s, 7, 0), where s is a
subject entity, r is a relation, and o is the object entity (e.g., (germany, capital,berlin) is a triplet
representing the fact “The capital of Germany is Berlin”). WikidatabM satisfies all of the above
requirements: its scale provides ample coverage for training and evaluation across 39 knowledge
domains, its graph structure supports deterministic construction of multi-hop reasoning examples on
the scale of tens of millions, and its triplet format yields unambiguous ground-truth answers for all
question types we consider.

3.1 Question Answer Generation

Questions are generated by first performing a random walk in the Wikidata5M knowledge graph.
We begin the walk with a seed triplet (s1, 71, 01), where s; is the subject entity, o, is the object entity,



and r; is the relation. We then consider all neighboring edges—i.e., where the object of the first fact
01 is the subject of the next fact—and select an edge uniformly at random. We repeat this process
until we have a k-hop walk (s1,71,01,72,02,...,7k, 0r). We generate questions for multiple hop
counts k € {1,2,3,4}. This process is repeated to generate multiple k-hop walks for each seed
triplet, which we repeat again by considering every triplet in WikidatabM as the seed triplet.

The k-hop walk is converted into a natural language question-answer pair using a grammar-based
approach. Let f be a (recursive) function that converts a given k-hop walk into a noun phrase:

f(s1,71,01,72,00,...,7k,01) =
“the country of citizenship of”f(s1,71,...,7k—1,0k—1) if rx = citizen_of_country,
“the head of government of” f (s1,71,...,7k—1,0k—1) if r, = head_of_govt,

“the place of birth of” f(s1,71,...,7k—1,0k—1) if 1, = place_of_birth,

In the base case, where k = 0, the input sequence consists of a single entity s;, which we verbalize:
f(s1) = “Marie Curie” if s; = marie_curie, etc.

We apply this function to convert the full k-hop walk into a noun phrase (e.g., “the country of
citizenship of Marie Curie”). Next, we convert it into a question (“What is the country of citizenship
of Marie Curie?”). To perform this last conversion step, we manually curated and evaluated over 400
candidate question templates using a representative subset of triplets sampled from the dataset and
constructed a deterministic mapping from each of the 822 Wikidata relations to its most appropriate
template. Question templates have forms such as “What is f(s1,71,01,...,7k,0%)?” and “Which is
f(s1,m1,01,...,7%,0k)?”, with the root selected based on the semantic type of the last object entity
(e.g., “Who is” for objects with person type, “What is” otherwise). The answer to the question is
simply given by verbalizing the last object entity oy, (e.g., f(ox) = “France” if o, = france, etc).

To ensure the answers to our questions are unambiguious, we restrict our dataset to relations that
are one-to-one or many-to-one, excluding one-to-many and many-to-many relations whose answers
are inherently non-deterministic. Although scaling experiments can be performed with ambiguous
question-answer pairs, this restriction reduces label uncertainty and enables more reliable and
interpretable evaluation using metrics such as accuracy.

Illustrative example. Suppose we perform a random walk and obtain the sequence Marie Curie
— country of citizenship — France — head of government — Francois Bayrou — place of birth —
Bordeéres. Our procedure would then convert this into the question: “What is the place of birth of
the head of government of the country of citizenship of Marie Curie?” with answer Bordéres. This
approach is fully deterministic, requires no neural generation at the question generation stage, and
produces grammatically consistent questions across all hop counts.

After performing this generation procedure over the full WikidatabM dataset, we generated a multi-
hop dataset containing approximately 10 million examples per hop count up to 4 hops. We classify
each example into one of 39 domains using a two-stage classification pipeline described in Section B.
We perform further filtering to remove examples on which the domain classification was uncertain,
and to balance the number of examples across all hop counts. This resulted in a final dataset containing
1.25 million training samples stratified across knowledge domains and reasoning complexity (i.e.,
number of hops).

3.2 Fact Injection Protocol

During training, our goal is to inject a large set of facts 2. Each training example consists of an
injected fact set F C {2, a natural language query ¢, and a ground truth answer a. The injected fact
set always contains one relevant fact: from the k-hop sequence of facts that were used to generate
the question-answer pair, the relevant fact is randomly selected from this sequence. The remaining
N — 1 facts in F are negative facts sampled uniformly at random from 2.

3.3 Evaluation Protocol and OOD Splits

We construct three disjoint evaluation sets to support comprehensive assessment of knowledge
injection and generalization.



In-distribution (ID) evaluation. 10,000 randomly sampled examples stratified by domain and
number of hops, constructed to be disjoint from the training set at the triplet level, i.e., no triplet
appearing in the evaluation set appears in the training set, and vice versa.

Out-of-distribution (OOD) evaluation. 10,000 examples randomly drawn exclusively from three
held-out domains: philosophy, linguistics, and civil engineering as seen in Figure 8. These domains
were selected due to their internal diversity and the fact that they were the most distinct as compared
to the other domains. OOD examples further include rephrased questions generated by prompting
GPT 4.1 [OpenAl, 2023] to paraphrase the example, with the aim to reduce potential overfitting to the
highly-regular language produced by our grammar-based generation procedure, providing a stricter
test of generalization by controlling for confounding due to transfer learning of surface-level linguistic
features. Finally, we include a multiple-choice question (MCQ) evaluation split, constructed from
the same OOD examples where each question includes four answer choices: the correct entity
and three distractor entities sampled uniformly at random from 2. This format tests whether the
hypernetwork-adapted model can identify the correct answer under a fixed candidate set, providing a
complementary evaluation signal that is robust to variations in generation style. Full dataset statistics,
including split sizes and hop distributions, are summarized in Table 6 in the Appendix.

4 Method

4.1 Problem Formulation

We study the problem of knowledge injection of a large corpus of facts €2 into a frozen language model
M with fixed parameters 6. Each training example consists of a natural language query ¢ and a set
of N injected facts F = {f1,..., fn} C €, where each fact f; is a natural language verbalization of
atriplet (s, r, 0) € Q. Exactly one fact in F is relevant to answering ¢, while the remaining N — 1
facts are negatives sampled uniformly at random from (2, encouraging the hypernetwork to identify
and utilize the relevant fact and improving generalization in the presence of irrelevant information.
The objective is to produce an answer a consistent with the relevant fact in F, without modifying
the base model parameters 6 at any point. Only the hypernetwork parameters ¢ are updated during
training; the target model M remains fully frozen throughout both training and inference, which
helps to mitigate the high cost of fine-tuning and may help to facilitate OOD generalization.

This formulation captures the core challenge of knowledge injection: the hypernetwork must learn
to identify and encode the relevant fact from a noisy input context, and translate it into weight
adaptations that steer the frozen target model toward the correct answer. Unless otherwise stated, we
fix N = 4 facts per example across all experiments, and study the effect of varying N in dedicated
experiments where we scale the number of facts (Section 5.4).

4.2 Hypernetwork Architecture

We introduce a transformer-based hypernetwork g, with learnable parameters ¢, initialized entirely
from random weights (see Figure 1 for an architectural overview). A key design principle in our
study is that the hypernetwork is never initialized from pretrained weights, as doing so would conflate
the effect of pretraining with that of architectural capacity, undermining the validity and controlled
nature of our exploration on the effect of scale on hypernetwork performance. The hypernetwork
maps an input fact set F to a collection of LoRA-style weight adaptations [Hu et al., 2022], which
are applied to the frozen target model in the forward pass. We use LoRA rank » = 4 and scaling
factor a = 8 across all experiments. Full details of the encoder architecture, input encoding, LoRA
weight generation, and target layer selection are provided in Appendix D.

Architecture Scaling Axes. We systematically scale the transformer hypernetwork along three
independent axes to characterize the resulting scaling laws. For depth scaling (Section 5.2), we
vary the number of transformer layers Lyn € {1, 2,4, 8,16} while holding width fixed. For width
scaling (Section 5.1), we vary the hidden dimension dpoqel € {32, 64, 128,256,512, 1024} while
holding depth fixed. For fact count scaling (Section 5.4), we vary the number of injected facts N per
example while holding the hypernetwork architecture fixed, studying how the quantity of available
evidence per example affects injection performance. In all cases, the hypernetwork is initialized from
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random weights. In each experiment, where we vary one of the above scaling variables, all other
variables are held constant.

5 Experiments

All scaling law experiments use MegaWikiQA as the knowledge source, with training and evaluation
splits constructed as in Section 3. Unless otherwise stated, hypernetwork width scaling, depth scaling,
and fact count scaling experiments use Qwen2.5-1.5B-Instruct as the frozen target model. We
choose the Qwen2. 5 family since it offers a wide range of model sizes within a consistent architecture,
enabling controlled scaling comparisons; newer families such as Qwen3 have fewer variants and less
consistent training across models, making them less suitable for scaling analysis.

We evaluate all models on four metrics: in-distribution validation loss (ID validation), OOD loss
on held-out domains (OOD non-rephrased), OOD loss on rephrased questions on held-out domains
(OOD rephrased), and OOD loss on multiple-choice questions on held-out domains (OOD MCQ),
where each OOD split tests a qualitatively distinct form of generalization as described in Section 3.
Power-law fits of the form £ = ax® are estimated via least-squares regression in log-log space using
the final epoch loss, where x is the scaling variable of interest (e.g., hypernetwork width, etc).

5.1 Hypernetwork Width Scaling

We vary the hypernetwork hidden dimension dmoger € {64, 128,256,512, 1024}, holding the number
of transformer layers fixed and all other hyperparameters constant. Figure 2 shows the final epoch loss
VS dmodel ON a log-log scale. Loss trajectories during training are provided in Appendix F (Figure 11).

All four evaluation metrics follow smooth power-law relationships vs hypernetwork width. The
validation loss exponent (—0.096) is comparable to the OOD non-rephrased exponent (—0.100),
indicating that width scaling benefits both in-distribution and OOD recall roughly equally, if the
questions have similar phrasing. However, the OOD rephrased exponent (—0.036) is substantially
flatter, suggesting that width alone does not substantially improve robustness to linguistic surface
variation. The OOD MCQ exponent (—0.075) falls between the two, reflecting that multiple-choice
reformulation is a moderately harder generalization target as compared to open-ended generation.

5.2 Hypernetwork Depth Scaling

We scale the number of transformer layers in the hypernetwork across Lyn € {1, 2,4, 8,16}, holding
dmodel = 512 and all other hyperparameters fixed. Figure 3 shows the final epoch loss against Lyn on
a log-log scale for all four evaluation metrics. Loss trajectories during training are shown in Figure 12
in Appendix F.

All four evaluation metrics follow smooth power-law relationships with hypernetwork depth. The
fitted exponents are —(0.088 for validation loss, —0.096 for OOD non-rephrased, —0.042 for OOD
rephrased, and —0.063 for OOD MCQ. As in the case with width scaling, the exponent on in-
distribution and OOD non-rephrased metrics is steeper as compared to OOD rephrased, suggesting
that increasing hypernetwork depth does not exhibit better surface-level linguistic generalization
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as compared to increasing width. Comparing the width exponents to the depth exponents reported
in Section 5.2, we observe broadly similar scaling rates (—0.096 vs —0.088 for validation loss),
indicating that hypernetwork depth and width contribute comparably to overall knowledge injection
performance within the ranges studied.

5.3 Target Model Scaling

Figure 4 shows the final epoch loss against target model size on a log-log scale. Loss trajectories are
provided in Appendix F (Figure 14).

Target model scaling yields the steepest power-law exponents across all axes studied: —0.226 for
validation loss and —0.184 for OOD non-rephrased loss, compared to —0.088 and —0.096 for depth
and width scaling respectively. This indicates that scaling the target model yields substantially larger
absolute gains per unit compute as compared to scaling the hypernetwork architecture alone, and
suggests a practical guideline: when a fixed compute budget must be allocated between hypernetwork
capacity and target model size, the latter offers a more favorable return.

The 0.5B target model lies noticeably above the power-law fit on the right-side of the figure, suggesting
the existence of a minimum target model capacity threshold below which hypernetwork-generated
LoRA adaptations cannot be effectively leveraged.

5.4 Fact Count Scaling

We vary the number of training facts N € {2,4,8,16, 32,52} injected per example, holding the
hypernetwork architecture and target model fixed.® Figure 5 shows the final epoch loss against N on
a log-log scale. Loss trajectories during training are provided in Appendix F (Figure 13).

3The maximum number of facts that we consider is 52 since the hypernetwork context is limited to 512 tokens.
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FIGURE 5: Fact count scaling results, showing final epoch loss vs. num. of injected facts N per example on a
log-log scale. (a) Validation loss follows a power-law Ly, = 0.667 - N %980 (b) OOD metrics improve with
fact count. Fitted exponents: —0.077 (OOD non-rephrased), —0.028 (OOD rephrased), —0.077 (OOD MCQ).

Performance improves as the number of injected facts per example grows, following power-law trends
across all metrics. The validation loss exponent (—0.080) and OOD non-rephrased exponent (—0.077)
are modest but stable, indicating that providing more factual context reliably aids the hypernetwork’s
ability to identify and encode the relevant fact. The OOD rephrased exponent (—0.028) is again the
flattest, consistent with the pattern observed in depth and width scaling. The OOD MCQ exponent
(—0.077) matches the OOD non-rephrased exponent closely, suggesting that multiple-choice and
free-form evaluation are comparably affected by the quantity of available evidence.

5.5 LoRA Scaling

To complete the head-to-head comparison, we also experiment with scaling the target model under
LoRA finetuning with fixed adapter configuration » = 16, « = 32, across the same five Qwen2.5
sizes used in the hypernetwork target scaling experiments. Figure 6 shows the final epoch loss against
target model size on a log-log scale.
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FIGURE 6: LoRA target model scaling results (r = 16, o = 32), showing final epoch loss vs. target model
parameter count T’ on a log-log scale. (a) Validation loss follows a power-law fit Ly = 110-T7°2°°_ (b) OOD
metrics improve with target model size, with fitted exponents —0.151 (OOD non-rephrased), —0.083 (OOD
rephrased), and —0.119 (OOD MCQ).

Comparing LoRA target scaling to hypernetwork target scaling reveals a consistent pattern: LoRA
achieves a marginally steeper ID validation loss exponent (—0.250 vs. —0.226 for the hypernetwork),
but its OOD scaling exponents are substantially flatter across all three OOD splits (—0.151 vs.
—0.184 on non-rephrased, —0.083 vs. —0.107 on rephrased, and —0.119 vs. —0.171 on MCQ).
In other words, increasing target model size leads to a larger improvement in LoRA fitting the
training distribution as compared to the hypernetwork fitting the training distribution, but it leads to a
substantially larger improvement in the hypernetwork’s OOD generalization as compared to LoRA.
This gap is consistent with the OOD advantage observed in the comparison at fixed target model size
(Section 5.8) and demonstrates that the OOD advantage of hypernetwork-based injection persists and,
in fact, widens as the target model is scaled.

5.6 Full Finetuning Scaling

For completeness, we also experiment with scaling the target model under full finetuning, where
all target model parameters are updated during training. Due to compute constraints, we cover four



Qwen2.5 sizes for full finetuning: 0.5B, 1.5B, 3B, and 7B%. Figure 7 shows the final epoch loss
against target model size on a log-log scale.
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FIGURE 7: Full finetuning target model scaling results, showing final epoch loss vs. target model parameter
count 7" on a log-log scale. (a) Validation loss follows a power-law fit Ly = 90.6 - T-9249 (b) OOD metrics
improve with target model size, with fitted exponents —0.183 (OOD non-rephrased), —0.069 (OOD rephrased),
and —0.101 (OOD MCQ). The 14B point was not evaluated due to compute constraints.

Full finetuning target scaling exhibits a pattern qualitatively similar to LoRA finetuning: a steep ID
validation loss exponent (—0.249, nearly matching LoRA’s —0.250) but flatter OOD loss exponents
(—0.183,—0.069, —0.101) than the hypernetwork (—0.184, —0.107, —0.171). While full finetuning
approximately matches the hypernetwork on OOD non-rephrased scaling, it lags substantially on
0OOD rephrased and OOD MCQ, the two metrics that test robustness to linguistic and format variation.
If the observed power-law trends hold, the OOD advantage of the hypernetwork over full finetuning
would be expected to widen further at 14B, consistent with the same pattern observed in the LoRA
scaling comparison (Section 5.5).

5.7 Summary of Scaling Exponents

Table 1 summarizes the power-law exponents across all four scaling axes and all four evaluation
metrics. Target model scaling consistently yields the steepest exponents, followed by depth and
width scaling at comparable rates, with fact count scaling yielding the most modest improvements.
Across all axes, the OOD rephrased metric exhibits the flattest scaling, suggesting that robustness to
linguistic variation is not easily addressed by scaling any single architectural or data dimension.

TABLE 1: Summary of power-law scaling exponents across all target-scaling axes and evaluation metrics. More
negative values indicate steeper (more favorable) scaling. HN denotes hypernetwork, FT denotes finetuning.
LoRA rank scaling is reported separately in Appendix E since it is better fit by a power-law with an additive
constant.

Scaling Axis ID validation ~ OOD non-rephrased  OOD rephrased OOD MCQ
HN width (dmodel) —0.096 —0.100 —0.036 —0.075
HN depth (Lnn) —0.088 —0.096 —0.042 —0.063
HN target model size (1) —0.226 —0.184 —0.107 —-0.171
Fact count (V) —0.080 —0.077 —0.028 —0.077
LoRA FT target model size (T") —0.250 —0.151 —0.083 —0.119
Full FT target model size (1) —0.249 —0.183 —0.069 —0.101

5.8 Comparison of Scaling Laws Across Adaptation Methods

Our target model scaling experiments across the three train-time adaptation methods (hypernetwork,
LoRA finetuning, and full finetuning) enable a direct comparison of their scaling behavior as target
model capacity grows. Table 1 reports the fitted power-law exponents for all three methods across all
four evaluation metrics.

Two consistent patterns emerge. First, on in-distribution validation, finetuning methods scale slightly
better than the hypernetwork: LoRA finetuning (—0.250) and full finetuning (—0.249) achieve nearly
identical and steeper exponents than the hypernetwork (—0.226). This reflects the ability of direct
parameter updates, whether full or low-rank, to fit the training distribution more aggressively as

4Full finetuning for the 14B configuration was infeasible under our budget.
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target capacity grows. Second, on all three OOD splits, the hypernetwork exhibits the steepest
scaling among the three methods, most notably on OOD rephrased (—0.107 vs. —0.083 for LoRA
and —0.069 for full FT) and OOD MCQ (—0.171 vs. —0.119 and —0.101). On OOD non-rephrased,
the hypernetwork (—0.184) narrowly leads full FT (—0.183) and LoRA (—0.151).

The gap between hypernetwork and finetuning OOD scaling grows monotonically with target model
size, meaning that the OOD advantage of hypernetwork-based adaptation is not a fixed offset but
widens as target models become larger. This is arguably the most important finding of our scaling
law comparison: if the goal is train-time knowledge injection that generalizes robustly outside the
training distribution, the hypernetwork paradigm becomes increasingly favorable at scale, precisely
the regime where deployment matters most.

6 Conclusion and Future Work

We introduce MegaWikiQA and conduct the first systematic study of scaling laws for hypernetwork-
based knowledge injection, characterizing power-law improvements across hypernetwork width,
depth, target model size, and number of injected facts. Our results show that target model scaling
yields the strongest gains, that hypernetworks generalize more effectively to OOD settings than
other finetuning methods under matched capacity, and that these trends hold across unseen domains,
rephrased queries, and query formats.

A practical concern that emerges at larger scales is that the hypernetwork itself can become pro-
hibitively large relative to the target model it is adapting. In our highest-capacity experiments,
the hypernetwork reached approximately 2.5B parameters while the target model was only 1.5B
parameters, making the hypernetwork nearly as large as the target model. This parameter overhead
significantly limits the practical deployability of large hypernetworks and motivates future work on
more parameter-efficient hypernetwork architectures, such as shared weight generation across layers,
low-rank hypernetwork designs, or distillation of large hypernetworks into smaller ones after training.
Our target model scaling experiments cover the Qwen2.5 family up to 14B parameters. Extending
this analysis to frontier-scale models (70B and beyond) remains an important open question, as the
relationship between hypernetwork capacity and target model size may exhibit qualitatively different
behavior at much larger scales. Our current evaluation covers single-hop and shallow multi-hop
queries from WikidatabM. A natural extension is to study whether hypernetwork-based injection
supports deep multi-hop compositional reasoning and long-horizon reasoning, where answering a
query requires the simultaneous use of many more injected facts. Whether inference-time weight
generation can scale to this regime, and how the required hypernetwork capacity grows with reasoning
depth, are open questions that we leave to future work.
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A Calculating Training Compute for Hypernetworks

Kaplan et al. [2020] uses 2N as the number of floating-point operations (FLOPs) required for
a transformer forward pass per token, and 6N per training iteration per token, where N is the
number of non-embedding parameters. In our experiments, we consider hypernetworks that contain a
comparable number of parameters to that of the target model. In order to compute the number of
FLOPs during training with hypernetworks, we adapt the formula appropriately:

1. Cost of hypernetwork forward pass: 2n; N, where IV}, is the number of non-embedding
hypernetwork parameters and n, is the number of input tokens in the hypernetwork.

2. Cost of target model forward pass: 2n;/N; where N, is the number of non-embedding
parameters in the target model and n, is the number of input tokens in the target model.

3. Cost of target model backward pass: 2n; /V; % where L is the number of layers in the
target model and L;g,4¢¢ is the number of layers targeted by the hypernetwork, assuming we
target the last Lyq,ge¢ layers. Note that in order to compute the gradients in the hypernetwork,
we must backpropagate the gradients through the last L;,4¢; layers of the target network
(and no further). During this backward pass, we only need to compute the gradients of the
loss function with respect to the previous layer’s activations, and we do not need to compute
the gradients with respect to the weights in the target network. As a result, for any linear
layer, we only need one matrix multiplication in the backward pass, hence the coefficient 2.

4. Cost of hypernetwork backward pass: 4n; N},.

Thus the total cost C of a training iteration in FLOPs on one example is:

L arge
C = 6n, Ny, + 2n; N, <1+ I‘L‘”> 1)

In our experiments, the average length of the queries for the target model is roughly 15 tokens, and so
we fix n, = 15. Each injected fact contributes on average 11.4 tokens to the hypernetwork input, so
we set np, = 11.4 X Ng,s. For width, depth, and target-model scaling, which use N¢,s = 4 injected
facts, which gives n; = 45.6.

Tables 2-5 report the per-example FLOPs for each scaling axis in our experiments. For the depth
scaling experiments, varying Lyn from 1 to 16 increases Ny, by only 1.9%, since the LoRA projection
heads dominate N, at d04e1 = 256. Consequently, depth scaling is effectively iso-compute, with
FLOPs per example varying by less than 2% across the entire depth range, meaning that performance
differences observed in Section 5.2 are attributable to architectural capacity rather than additional
compute. Width and fact-count scaling are not iso-compute: varying dpogel from 64 to 1024 introduces
a 7.4x compute range, and varying Ny, from 2 to 52 introduces a 13.7x compute range through
np.

TABLE 2: FLOPs per example for hypernetwork width scaling (target: Qwen2.5-1.5B, Lyn = 4, np, = 45.6).
dmodet  Lun  Np (W/ embed) Njp (w/oembed) FLOPs/example

64 4 167,398,376 157,691,816 1.021 x 10*!
128 4 323,068,776 313,362,216 1.447 x 10!
256 4 635,580,904 625,874,344 2.302 x 10"
512 4 1,265,323,752 1,255,617,192 4.025 x 10"

1024 4 2,543,683.816 2,533,977,256 7.523 x 10!
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TABLE 3: FLOPs per example for hypernetwork depth scaling (target: Qwen2.5-1.5B, dmodel = 256, np =

45.6).
dmodet  Lun  Np (W/embed) Njp (w/oembed) FLOPs/example
256 1 633,211,624 623,505,064 2.296 x 10
256 2 634,001,384 624,294,824 2.298 x 101!
256 4 635,580,904 625,874,344 2.302 x 10*
256 8 638,739,944 629,033,384 2.311 x 10"
256 16 645,058,024 635,351,464 2.328 x 10'*

TABLE 4: FLOPs per example for fact-count scaling (target: Qwen2.5-1.5B, dmodel = 256, Lun = 4, fact
embedding dim = 512). The 52-fact run uses np = 512 due to the hypernetwork context window limit.

Nracis nn  Np (w/ embed) Njp (w/oembed) FLOPs/example
2 2238 703,641,512 625,989,032 1.446 x 10!

4 456 703,641,512 625,989,032 2.302 x 101

8 912 703,641,512 625,989,032 4.014 x 10

16 1824 703,641,512 625,989,032 7.440 x 1011
32 364.8 703,641,512 625,989,032 1.429 x 10'2
52 512 703,641,512 625,989,032 1.982 x 102

B Domain Classification

In this section, we provide further details on the domain classification procedure, which is utilized
in the construction of our dataset, MegaWikiQA. Each example in MegaWikiQA is derived from a
triplet (s,7,0) in WikidatabM, and we assign each triplet to one of 39 semantic domains (e.g.,
geography, political science, music) using a two-stage classification pipeline described below. We
assign each example to a semantic domain to enable controlled evaluation of generalization across
domains. Domain labels allow us to construct OOD splits by holding out entire domains during
training, providing a stricter test of whether injected knowledge generalizes beyond the distribution
of observed facts.

Domain taxonomy. We adopt a fixed set of 39 domains, some were extracted from prior work
on knowledge editing benchmarks (e.g., UniEdit [Chen et al., 2025]), ensuring consistency with
existing datasets and facilitating comparability. To align our data with this taxonomy, we train a
domain classifier on triplet-domain pairs derived from the UniEdit dataset and GPT-4.1.

Classification pipeline. Given a triplet (s, r, 0), we assign a domain label using a two-stage pipeline.
In the first stage, we prompt GPT-4.1 to predict a domain label from the predefined set of 39 domains
based on the semantics of the triplet. In the second stage, we apply a fine-tuned LLM with a classifier
head to validate the prediction. For training data, we first collected around 100K high quality labelled
samples using multiple calls of GPT models & voting ensemble. We then performed supervised
finetuning of classifier with class-wise cross-entropy loss. We perform rejection filtering by discarding
examples for which the classifier assigns low confidence, retaining only high-confidence domain
labels.

Quality control. This process yields domain labels with over 95% manually verified classification
accuracy on a held-out validation set, and a 92% agreement rate with GPT-4.1 predictions. Filter-
ing low-confidence predictions reduces label noise and ensures reliable domain assignments for
downstream evaluation.

Application to multi-hop examples. Domain labels are first assigned to single-hop triplets and then
propagated to multi-hop examples based on their underlying triplet sequences. Using these labels, we
construct stratified splits that are balanced in both domain coverage and reasoning complexity (i.e.,
number of hops), ensuring that scaling experiments are not confounded by distributional imbalances.
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TABLE 5: FLOPs per example for target model scaling (dmodel = 256, Lun = 4, np = 45.6).
Target N, (w/embed) Nj (W/oembed) FLOPs/example

0.5B 309,772,752 300,066,192 9.820 x 10'°
1.5B 635,580,904 625,874,344 2.302 x 10
3B 909,808,128 900,101,568 3.665 x 10'*
7B 2,100,000,000 2,090,293,440 8.795 x 10**

14B 2,800,000,000 2,790,293,440 1.292 x 10'2

Domain-level base model accuracy. Figure 8 shows the base model accuracy across all 39 domains.
The three held-out OOD domains (philosophy, linguistics, and civil engineering) exhibit notably
higher base model accuracy than the in-distribution domains, lying approximately 4.8% above the
in-distribution mean. This has an important implication for the interpretation of our OOD results:
because the frozen target model already has stronger prior knowledge of these domains, the OOD
non-rephrased loss is close to the ID validation loss across all scaling experiments, as observed in the
scaling law figures in Section 5. The OOD rephrased and OOD MCQ splits, which test robustness to
linguistic variation and format shift respectively, provide a stricter evaluation that is less confounded
by base model familiarity.
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FIGURE 8: Base model accuracy across all 39 knowledge domains. The three held-out OOD domains (philosophy,
linguistics, civil engineering) exhibit high base model accuracy, lying approximately 4.8% above the mean of
the in-distribution domains.

C Dataset Statistics

In this section, we provide full statistics for the MegaWikiQA dataset. Table 6 summarizes all splits
used in our experiments. All evaluation splits are disjoint from the training set at the triplet level, and
the three OOD domains (philosophy, linguistics, civil engineering) are fully withheld during training.

TABLE 6: Dataset statistics. All splits have zero entity and triplet overlap with the training set. OOD domains
are fully held out during training.

Split Type Number of hops  Examples
Training In-distribution 1,2,3,4 1,250,000
ID Eval In-distribution 1,2,3,4 10,000
OOD Non-rephrased Held-out domains 1,2,3,4 10,000
OOD Rephrased Held-out domains 1,2,3,4 10,000
00D MCQ Held-out domains 1,2,3,4 10,000
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D Hypernetwork Architecture Details

This section covers full architectural details of the hypernetwork g4 introduced in Section 4.2. This
includes the input encoding scheme, the transformer encoder design, the LoORA weight generation
procedure, the target layer selection strategy, and the hyperparameter tuning approach used across all
scaling experiments.

D.1 Input Encoding

Each fact f; € F is serialized as a natural language sentence and tokenized using the same tokenizer
as the target language model, with a maximum sequence length of 128 tokens. The fact set F is
concatenated and processed by the hypernetwork transformer encoder. To obtain a single fixed-size
representation of F, we apply masked mean pooling over all non-padding token positions. This
pooling strategy is parameter-free and treats all token positions symmetrically, avoiding the inductive
bias of token-specific aggregation schemes such as [CLS] pooling.

D.2 Encoder Architecture

The hypernetwork transformer encoder uses rotary positional embeddings (RoPE) Su et al. [2024]
applied to the query and key projections of each attention layer, providing relative positional awareness
without absolute position bias. Each transformer block follows a post-norm architecture, where layer
normalization is applied after the residual connection rather than before, which we find improves
training stability across the range of hypernetwork depths explored in our scaling experiments.

D.3 LoRA Weight Generation

For each target weight matrix W € R%u*din jn the selected layers of the target model, the hypernet-
work maintains two dedicated linear projection heads that map the pooled representation h to the
corresponding low-rank factors:

A = (tanh(Wah))| € R™%% B = (tanh(Wgh))" € R%x", )

where r is the LoRA rank, W, € R(dn)*dnoe and Wy € R(douw)*dmoue are Jearned projection
matrices, and the outputs are reshaped from vectors to matrices of the indicated dimensions. The
weight adaptation applied to the target model is then AW = acBA/r where r is the LoRA rank,
o is the scaling factor, and ¢ = 0.01 is a fixed scalar that controls the magnitude of the generated
adaptations. We use r = 4 and o = 8 across all experiments. LoRA adaptations are applied to
all linear layers within the selected transformer blocks of the target model, covering both attention
projection matrices and feed-forward layers, to maximize the expressivity of the generated adaptations.

D.4 Target Layer Selection

We apply hypernetwork-generated LoRA adaptations to the later | L/2] layers of the target model,
where L denotes the total number of transformer layers. This later-layer adaptation strategy con-
centrates the injection signal into the higher-level semantic representations of the target model,
which prior work has shown to be the primary locus of factual knowledge [Meng et al., 2022]. The
proportion | L/2] is held fixed across all target model sizes, ensuring that the fraction of adapted
parameters scales consistently with model depth.

D.5 Training Objective

The hypernetwork is trained end-to-end by minimizing cross-entropy loss over the answer tokens
under the adapted target model. Gradients flow through the target model and back into the hyper-
network parameters ¢ via the LoRA adaptation matrices. The target model parameters 6 receive no
gradient updates and remain frozen throughout.

D.6 Hyperparameter Tuning

We use the AdamW [Loshchilov and Hutter, 2019] optimizer with weight decay A = 107> across all
experiments. To identify the best scheduler and learning rate range efficiently, we first conducted a
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broad sweep across schedulers and learning rates on a small subset of 10K—80K training examples,
before scaling up to the full 1.25M-example training set. Figure 9 shows an example of such a sweep
for the largest width configuration (dpoege; = 1024), illustrating how cosine annealing with AdamW
consistently outperformed polynomial decay and the Muon optimizer across all learning rates tested.
Based on these small-scale experiments, we adopted cosine annealing with AdamW as the scheduler
for all scaling experiments.

Rather than performing an exhaustive hyperparameter search for each configuration at full scale,
we adopt an efficient anchor-and-interpolate strategy for learning rate selection. For each scaling
variable (e.g., hypernetwork depth, width, etc), we first run experiments at the lowest and highest
values in the experimental range, followed by a third experiment at the midpoint (arithmetic mean).
We perform hyperparameter optimization at these three anchor points, then fit a power-law of the
form n*(x) = a - x° + ¢, where z is the scaling variable and the coefficients a, b, c are estimated via
least-squares regression in log scale. Learning rates for all intermediate configurations are obtained
by evaluating this fitted curve. The optimal learning rate ranges observed across scaling axes were
as follows: for width scaling, n* decreased from 5 x 1074 to 6 x 1072 as dyoqel increased from
64 to 1024; for depth scaling, the range was narrower (2 x 10™% to 9 x 10~°) owing to the similar
parameter counts across depth configurations; for target model scaling, n* ranged from 6 x 10~% to
4 x 10~5; and for fact count scaling, from 2 X 1074 to 7 x 1075,

The number of training epochs is selected per experiment based on convergence behavior. We
continue training until the rate of improvement becomes negligible and then continue training for a
small number of additional epochs to confirm convergence. In practice, the number of epochs ranged
from 5 to 8 across all experiments. For configurations with lower FLOPs per example (e.g., small
hypernetwork widths or few injected facts), training is extended for additional epochs to ensure that
these runs reach a comparable level of convergence to their higher-compute counterparts, enabling
fair comparisons across the scaling axis. Batch size is selected independently for each experiment
based on training loss stability.

transformer hypernetwork dim 1024 — Training loss (log scale)

10% 4 = |r=5e-04, cosine, AdamW
=== |r=8e-04, cosine, AdamW
=== |r=5e-04, cosine, Muon
Ir=3e-04, cosine, AdamW
Ir=5e-04, poly, AdamW
=== |r=1e-04, cosine, AdamW

Loss (log scale)

100

0 1000 2000 3000 4000 5000
Step

FIGURE 9: Hyperparameter sweep results for the largest width configuration (dmodger = 1024), showing training
loss on a log scale across different learning rates, schedulers, and optimizers on a small-scale subset. Cosine
annealing with AdamW with learning rate 5 x 10™* achieves the lowest final training loss, motivating its
selection for all scaling experiments.

D.7 Target Model Scaling
To characterize how knowledge injection performance scales with the capacity of the frozen target

model, we conduct experiments across five model sizes from the Qwen2.5 family Yang et al. [2024]:
0.5B, 1.5B, 3B, 7B, and 14B parameters. The hypernetwork architecture is held fixed across all target
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model sizes, and LoRA adaptations are applied to the later | L /2] layers in each case, where L varies
with target model depth. This design isolates the effect of target model capacity from hypernetwork
capacity, enabling a clean comparison of the effect of increasing training compute in the target model
versus the hypernetwork.

E LoRA Rank Scaling

To complement the target-model-scale comparison in Section 5.5, we also examine how LoRA
finetuning scales with adapter capacity. We train LoRA finetuning baselines across ranks r &€
{2,4,8,16, 32,64} with scaling factor « = 2r, holding all other hyperparameters fixed and using the
same target model as the hypernetwork experiments. Figure 10 shows the final epoch loss against 7.

(a) Validation loss (b) OOD generalization
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FIGURE 10: LoRA rank scaling results, showing final epoch loss vs. LoRA rank 7. Unlike other scaling
axes, LoRA rank scaling exhibits a clear saturating regime and is well-fit by a power-law with a constant
offset: £(r) = a - r® + c. Fitted parameters: validation 0.102 - 7~%91% 4 0.537, OOD non-rephrased
0.117 - 7~%-%5% 1 0.562, 00D rephrased 0.0605 - r~ 2929 4 0.800, and OOD MCQ 0.0932 - ~ 203 4 0.725.

Unlike the other scaling axes, LoRA rank scaling exhibits a clear saturating regime and cannot be
captured by a pure power-law. We therefore fit a power-law with an additive constant, £(r) = a-r’+c,
where c represents the asymptotic loss floor. The fitted floor c is substantial in every metric (0.537
for validation, 0.562, 0.800, and 0.725 for OOD non-rephrased, rephrased, and MCQ respectively),
meaning that increasing adapter capacity beyond a modest rank produces diminishing returns and
cannot close the OOD gap to the hypernetwork. This saturating behavior contrasts with the target-
model-scale results in Section 5.5, where LoRA continues to improve without a visible plateau,
indicating that target model capacity is the dominant scaling axis for LoRA-based knowledge
1njection.

F Loss Trajectories During Training

In this section, we provide the full loss trajectories for all scaling experiments, plotting validation
loss and OOD non-rephrased loss against cumulative training FLOPs. Using FLOPs as the x-axis
rather than steps or epochs enables direct comparison across configurations that differ in per-example
compute cost (see Appendix A). In all plots, darker colors correspond to larger configurations (i.e.,
wider, deeper, larger target model, or more facts). The monotonic ordering of the loss values by
configuration is established early during training and largely maintained throughout, confirming that
the scaling trends reported in Section 5 are stable and not artifacts of training length.

20



12}
3
1.00 = 1.00 4
8 3
2 ©
o —
o -a d_model 64
= I d_model 128
% g d_model 256
> = d_model 512
a d_model 1024
o
o
0.50 0.50
T T T T T T T T T T T T T T
5x 106 107 2x107 5x107 10 2x10'® 5x10'8 5x10'6 107 2x107 5x107 10 2x10'% 5x10'8
Training FLOPs Training FLOPs

FIGURE 11: Loss trajectories for hypernetwork width scaling, showing validation loss (left) and OOD non-
rephrased loss (right) vs. cumulative training FLOPs for dmoaer € {64, 128,256,512,1024}.
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FIGURE 12: Loss trajectories for hypernetwork depth scaling, showing validation loss (left) and OOD non-
rephrased loss (right) vs. cumulative training FLOPs for Lun € {1,2,4,8,16}. The narrow FLOPs range
reflects the near iso-compute nature of depth scaling (see Table 3).
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FIGURE 13: Loss trajectories for fact count scaling, showing validation loss (left) and OOD non-rephrased loss
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higher total FLOPs due to the larger nj, (see Table 4).
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loss (right) vs. cumulative training FLOPs for target model sizes 0.5B, 1.5B, 3B, 7B, and 14B. Larger target
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