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Abstract

We study the compression of LLM-generated text across lossless and lossy regimes, character-
izing a compression-compute frontier where more compression is possible at the cost of more
compute. For lossless compression, domain-adapted LoRA adapters can improve LLM-based
arithmetic coding by 2x over compression with the base LLM alone. For lossy compression,
prompting a model for a succinct rewrite then applying arithmetic coding can achieve compression
ratios of approximately 0.03, a 2x improvement over compressing the original response.

We further introduce Question-Asking compression (QA), an interactive lossy protocol inspired
by the game “Twenty Questions”. A small model iteratively refines its response by asking yes/no
questions to a stronger model, transferring exactly one bit per answer. On 8 benchmarks
spanning math, science, and code, 10 binary questions recover 23% to 72% of the capability gap
between a small and large model on standard benchmarks and 7% to 38% on harder benchmarks,
achieving compression ratios of 0.0006 to 0.004. This is over 100x smaller than prior LLM-based
compression (Delétang et al. 2024), suggesting that interactive protocols can transfer knowledge
far more efficiently than transmitting full responses.

1 Introduction

At an abstract level, compression can be viewed as a procedure that takes two inputs: a probability
distribution and a sequence. It produces an encoding in which symbols assigned higher probability
are represented using fewer bits.

Arithmetic coding is a canonical example of this framing; given a model that assigns proba-
bilities to each next symbol, arithmetic coding converts those probabilities into a compact binary
representation whose length closely matches the negative log-likelihood of the sequence under the
model. The quality of the compression therefore depends directly on the quality of the probability
distribution.

Autoregressive language models, in turn, repeatedly produce probability distributions over the
next token and sample from them. From this perspective, language models provide a natural
mechanism for high-quality distribution estimation over text. By supplying an LLM’s predictive
distribution to a compression scheme, one can directly translate modeling accuracy into improved
compression performance.

Recent work has applied LLMs directly as inputs to arithmetic coding to produce lossless
compression schemes (Bellard, [2023; Valmeekam et al., 2023; Delétang et al., 2024). These techniques

*Corresponding author: royrinberg@g.harvard.edu. Work conducted while RR was participating in ML Alignment
& Theory Scholars (MATS).
"Work done while AC was a visiting student at Harvard.



already boast impressive compression ratios; whereas a standard compression scheme like GZIP
(Deutsch, [1996)) achieves a compression ratio of around 0.33 on most text, LLM-based arithmetic
coding schemes achieve a compression ratio closer to 0.1 on text that is in distribution for the
model, like Wikipedia (Delétang et al 2024]). In Section we explore improving these schemes
for specific domains through lightweight topic adaptation using LoRA (Low-Rank Adaptation), a
parameter-efficient fine-tuning method that adds a small number of trainable weights which can be
attached to or removed from a base model efficiently.

While already impressive, we observe that the requirement of producing a lossless compression
scheme is overly restrictive in many textual settings. Most text-based interfaces do not need to
produce a specific sequence of tokens, but instead only need to return a response that is useful
to the user (Zhang et al., [2025). Framed this way, compression only needs to preserve semantic
meaning rather than exact text. This is particularly true in the LLM chatbot setting, where users
have no access to the underlying model and therefore cannot tell whether the response they receive
differs from the original model output.

Modern language models can summarize, rewrite, and edit text in an open-ended manner,
enabling a new form of lossy compression in which the surface form of the text may change, but its
semantic content and usefulness are largely preserved. Unlike traditional compression schemes, this
form of compression does not aim to reconstruct the original string exactly, but instead produces an
alternative representation that remains a valid and high-quality response.

In Section we introduce a novel scheme (QA-compression protocol) for communicating
knowledge concisely from a more capable model to a less capable model. The scheme, inspired by
the game 20 questions, works by having the less-capable model ask the more-capable model yes/no
questions, and then having the less-capable model update its response given the more-capable
model’s response.

Not only do we find that this provides meaningful compression, this also offers a lens on the
scientific process itself. When a chemist wants to synthesize a new chemical, they form a hypothesis,
run an experiment, and get back a low-bit answer: it worked, or it didn’t. Then, if the experiment
fails, the scientist returns to the problem with a new question: “Was the temperature wrong?” ”Did
I use the wrong catalyst?” In this light, each experiment is a yes/no question posed to nature.
This maps onto QA-compression: the scientist is the small, less-capable model, which formulates
candidate solutions and asks binary questions; and nature is the LLM providing yes/no feedback.
This framing and this paper provides quantifiable support to the pedagogical adage that the hard
part of science is asking a good question.

1.1 Contributions

In this work, we investigate methods for compressing LLM-generated text using a smaller language

model. Our focus is on minimizing the number of bits required to encode text produced by a large

model when the decoder has access to a weaker shared model. We explore approaches that trade

additional computation for improved compression ratios, in both the lossless and lossy regimes.
Concretely, this paper makes the following contributions:

1. Iterative Binary Questions. We propose a novel protocol akin to the children’s game “20
Questions” where a small language model iteratively improves its response through yes/no
questions answered by a more capable model, which we call Question-Asking compression (QA-
compression) (Section . We evaluate this protocol on 8 benchmarks on science, math, and
coding tasks. In 10 bits or fewer, models recover 23-72% of the performance gap on easier



benchmarks and 7-38% on harder benchmarks, achieving compression ratios of 0.004 to 0.0006,
over 100x beyond prior SOTA (Delétang et al.l 2024).

2. Response Rewriting. As an intuitive baseline for lossy compression, we explore two lossy
compression approaches: Shortest-of-N selection (generate multiple candidates, select the
most compressible) and Summarization (explicitly request a succinct rewrite). Shortest-of-N
achieves compression ratios of 0.073 (N=1) to 0.063 (N=10); Summarization achieves 0.039 to
0.034, a 1.9x improvement over Shortest-of-N. Selecting for compressibility does not degrade
answer quality (Section , when evaluated on a coding and math benchmark.

3. Lossless Compression via LoRA Adaptation. As an innovation on existing work on
lossless compression, we demonstrate that domain-specific LoRA adapters improve arithmetic
coding compression by 2x over baseline models. A RAG-based router selects the appropriate
adapter from the prompt alone, retaining a 1.9x improvement (Section , when evaluated
on the LMSYS and WildChat dataset.

1.2 Paper Organization

Section [2| reviews background on arithmetic coding, LoRA adaptation, and interactive compression.
Section [3]introduces a novel interactive question-asking protocol for extreme compression. Section [4.2]
introduces our proposed lossless compression method based on domain-adapted LoRAs, which we
present as a strong standalone baseline for comparison with the interactive protocol. Section
similarly proposes response rewriting as a lossy compression baseline. We conclude with a discussion
of applications to model security and future directions in Section

Models. Throughout this work, we use three tiers of language models from the Anthropic
Claude 4.5 family as reference implementations: Haiku (small), Sonnet (medium), and Opus
(large). These span a representative capability range, with Haiku serving as the small language
model (SLM) in our compression protocols and Opus as the large language model (LLM) that
provides guidance. Our methods are not specific to these models; we use the Anthropic API as a
convenient testbed for studying compression across capability tiers.

2 Background & Related Work

2.1 Arithmetic Coding and LLM Compression

At the most abstract level, a compression scheme is a function that takes two inputs: a probability
distribution, and a sequence; it then encodes the sequence according to the probability distribution,
such that more likely elements are encoded with fewer bits than less likely elements. Arithmetic
coding is a specific compression scheme that achieves near-optimal compression (Langdon and
Rissanen), 1981} Rissanen and Langdon, (1979).

The source coding theorem from information theory actually establishes the minimum achievable
compression ratio (on average), and states that for a discrete memoryless source with distribution
P, the minimal length for compression is equivalent to the entropy H(P) = E,.p[—logy P(x)]. The
compressibility is directly determined by how closely the probability distribution approximates
the true data-generating distribution. When data sampled from distribution P is encoded using
a probabilistic model @), the expected number of bits required is given by the cross-entropy

H(P,Q) = Eqzp[—log, Q(z)].



At a similarly abstract level, LLMs can be broken down into an algorithm that repeatedly
does two things: generate a probability distribution, then sample from it. When viewed from this
perspective, a natural idea is to take the probability distribution from an open-source LLM and use
the as the probability-distribution used for encoding in arithmetic coding.

A standard metric in compression is the compression ratio, defined as the size of the compressed
representation relative to the original data. Recent work demonstrates that large language models
paired with arithmetic coding yield state-of-the-art text compression results, achieving compression
ratios of roughly 0.1 on Wikipedia corpora (Bellard} 2023; [Valmeekam et al., [2023; [Delétang et al.|,
2024).

2.2 Interactive Compression via Binary Questions

The children’s game 20 Questions illustrates how interaction can drastically reduce communication.
One player thinks of an object, and the other identifies it by asking a sequence of yes—no questions,
each conveying a single bit of information.By choosing questions adaptively, the player can identify
one object among millions using roughly 20 bits—far fewer than would be required to specify the
object directly (and on the order of < 2 tokens in an LLM of information).

This game reflects a general principle: interaction enables information to be revealed conditionally,
focusing communication on what is most informative given previous answers. In complexity theory,
this principle manifests as a separation between non-interactive and interactive verification. Non-
interactive proofs, consisting of a single message from a prover to a verifier, characterize the class
NP. Allowing the verifier to ask adaptive questions yields interactive proofs, which characterize
IP = PSPACE, a class believed to be strictly larger than NP (Goldwasser et al., [1989; [Shamir],
1992).

In Section 3| we apply this idea to LLM communication. A small model adaptively asks binary
questions that are answered by a large model, allowing substantial knowledge to be transferred
using only a small number of bits.

2.3 LoRA and Domain Adaptation

Low-Rank Adaptation (LoRA) (Hu et al., 2021)) is a parameter-efficient fine-tuning method that
adapts a pretrained model by learning low-rank update matrices. For a pretrained weight matrix
Wo € R>* ToRA learns AW = BA where B € R¥" and A € R™* with rank r < min(d, k). This
dramatically reduces the number of trainable parameters.

The key insight for compression is that a LoRA adapter fine-tuned on domain-specific text
will assign higher probability to in-domain text, thereby reducing the bits required for arithmetic
coding. If sender and receiver share a set of domain-specific LoRA adapters, they can achieve better
compression by selecting the appropriate adapter for each message.

3 Interactive Question Asking (Question-Asking compression)

We introduce a novel interactive compression mechanism that adapts the children’s game 20
Questions to the task of LLM knowledge transfer. Given a prompt, an SLM first generates an initial
response and then formulates N binary yes/no questions about its solution strategy, for example,
“Is my approach to step 3 correct?” The LLM answers each question with yes or no, transferring
exactly one bit of information per response. The SLM then revises its response by incorporating all
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Figure 1: Overview of the compression mechanism and its use in an interactive protocol between an
SLM and an LLM.

Algorithm 1 Question Asking (QA Protocol). a;: SLM’s answer after round i; g;: yes/no question;
r; € {YES,No}: LLM’s binary response (1 bit). Line 6 (early stopping) is optional.
Require: Problem P, small model SLM, large model LLM, budget N

: ap < SLM(P) {SLM attempts to solve P}

:fori=1,...,N do

. q; < SLM(P, aj—1, q<i, T<i) {SLM asks a yes/no question}

1

2

3 (

4: 1 < LLM(P, ¢;) {LLM answers yes or no (1 bit)}

5. a; < SLM(P, a;—1, g<i, r<i) {SLM revises its answer}

6:  if Judge(a;) > 7 then break {Early stop if quality threshold met}
7: end for

8: return aq;

N answers. Crucially, the SLM’s questions are deterministic given its initial response, the prompt,
and fixed hyperparameters. As a result, only the N binary answers must be transmitted. E|

The receiver can reconstruct the full question-answer transcript by running an identical SLM
locally, reducing the communication cost to exactly N bits, independent of the response length. An
important observation is that in practice the questions do no need to be sent to the LLM, as the
LLM can perfectly simulate the SLM, removing the need for more bandwidth.

We evaluate on 8 datasets, which we group into easier benchmarksﬂ (GSMS8K (Cobbe et al.,
2021)), MATH (Hendrycks et al., 2021), GPQA (MC) (Rein et al., [2023)), where current models
achieve high baseline accuracy, and harder benchmarks (MBPP (Austin et al., 2021)), AIME (AI-MO,
2024)), Humanity’s Last Exam (HLE) (Phan et al., [2025)), where even strong models have significant
room for improvement. We classify problems by difficulty based on which models solve them at
baseline: Fasy (all correct), Medium (Haiku fails, Sonnet/Opus correct), Hard (only Opus correct),
and Very Hard (all fail). Full benchmark descriptions and difficulty distributions are in Appendix

We also validate our approach with the open-source GPT-OSS-120B model (Appendix , and

we find qualitatively similar results. This demonstrates that the QA protocol transfers across model

In principle, the expected cost per question can be reduced below one bit. If the SLM can predict the base-rate
distribution of LLM responses, for example that “Yes” occurs with probability 0.8 for a given question, arithmetic
coding over the binary answers yields an expected cost of H(answer | question) bits per question. This improvement
is essentially free: if the SLM’s calibration is incorrect, the LLM can transmit a single extra bit to signal this, ensuring
that the protocol never performs worse than the naive one-bit-per-answer scheme.

We define “easier benchmarks” as those where Haiku achieves above 66% baseline accuracy. The exception is
GPQA, which we include in this group because its multiple-choice format makes answer verification straightforward,
despite Haiku’s lower baseline accuracy.



Table 1: Recovery rate (%, mean +std over 3 trials) and compression ratio by difficulty subset.
Med. + Hard = problems where Haiku fails but Opus succeeds; All = all non-easy problems
(includes Very Hard). Bit-Limited Chain-of-Thought (BL-CoT) = haiku—haiku—haiku; QA =
haiku—opus—haiku; QAT = opus—opus—haiku. Bold = highest mean recovery in each row within
each subset. Ave. Resp. Len. = mean Opus response length in tokens (c1100k_base tokenizer).
Compression = ratio of 10 QA bits to full Opus response (tokens x log,(100,277) bits).

Med. + Hard All Non-Easy
Ave.
Resp.
Dataset n BL-CoT QA QAT n BL-CoT QA QAt Len. Compression

FEasier benchmarks

GSMS8K 110 19.1£2.0 23.3£1.1 27.6+1.5 145 22.54+1.2 26.7+0.9 29.7+1.7 195 0.0031
MATH (Algebra) 85 28.6%1.5 275422 31.0%+1.5 259 38.1+1.6 39.1+1.0 40.0£1.5 373 0.0016
MATH (Geometry) 51 28.1+1.8 37.3+3.2 37.3+1.6 190 33.7+£0.4 39.6+0.5 38.2+1.5 687 0.0009
MATH (Num. Thy) 12 66.7+11.8 72.2+15.7 63.9+15.7 61 38.3+2.0 43.7+4.3 40.4+3.1 580 0.0010

GPQA (MC) 15 40.0+14.4 40.0+14.4 31.1£6.3 152 11.8+2.7 13.6£0.3 12.1+£2.0 606 0.0010
Harder benchmarks

AIME 34 10.8+1.4 6.9+1.4 9.8+1.4 51 183+£1.8 19.04+2.4 22.2+1.8 1,083 0.0006
MBPP 44  36.44+1.9 379428 51.5+2.8 106 18.2+1.8 18.2+0.4 26.1+0.4 164 0.0037
HLET 206 6.5+0.6 79+0.6 13.1+1.4 306 5.4+0.6 6.5+0.0 9.3+0.8 711 0.0008

t For HLE, Very Hard problems were randomly subsampled to 100 (out of ~1,900) due to evaluation cost.

families, and importantly shows that this technique can already be used for lossy compression, as
all users have access to opensource models.

Evaluation. We measure the recovery rate: the fraction of non-easy problems answered correctly
after 10 rounds of binary Q&A. By construction, Haiku is initially wrong on Medium and Hard
problems, so this equals the fraction of incorrect answers that become correct. We denote each config-
uration as questioner—s answerer— solver. Our primary configuration is QA (haiku—opus—haiku):
Haiku generates questions, Opus answers them, and Haiku produces a final answer. This measures
whether Opus’s knowledge can be transferred via 10 binary answers.

However, by letting Haiku ask questions and iteratively revise its answer, we are giving it
substantially more computation, and the iterative question-asking process is itself a form of structured
chain-of-thought reasoning. Some of the improvement may therefore come from self-refinement
rather than from Opus’s knowledge. To disentangle these effects, we introduce BL-CoT (Bit-Limited
Chain-of- Thought, haiku—haiku—haiku): the identical protocol, but with Haiku answering its own
questions. Any improvement from BL-CoT is self-refinement, whereas the difference between QA
and BL-CoT isolates the value of Opus’s knowledge transfer. Table 21 in Appendix [G] provides the
full per-difficulty breakdown.

Ablations: the value of question asking. In any real implementation, the SLM will serve
as both question-asker and final solver. However, the SLM’s ability to identify its own reasoning
gaps may be a bottleneck: if it cannot formulate targeted questions, even perfect answers provide
limited value. To simulate future improvements in question-asking ability, we introduce replace the
question-generator with another instance of Opus, while keeping Haiku as the solver, denoted QA™
(opus—opus—haiku). This gives us insight into how this protocol’s effectiveness may change as
models become more capable. Table [1| compares BL-CoT, QA, and QA™ on two subsets: Med. +
Hard problems (where Opus succeeds but Haiku does not, so correct knowledge exists to transfer)



and All Non-FEasy problems (which additionally includes Very Hard problems where even Opus
fails). The full 3 x 3 breakdown across all questioner—answerer combinations is in Appendix

The results above ask all 10 questions in a single batch, with the LLM given the ground-truth
answer as reference when responding. An iterative variant lets a judge early-stop the exchange
once the SLM’s answer is satisfactory, potentially saving bits. We test two judge designs (objective
vs. comparison scoring), threshold levels, and whether the judge sees the ground-truth answer; see
Appendix These variants do not improve over the batch protocol: the judge either early-stops
prematurely on easy problems or fails to prevent regression on hard ones.

We also test scaling from 10 to 100 questions; this yields small, inconsistent gains that do not
justify the 10x increase in bits (Appendix .

Results. The central question is whether the QA protocol’s value comes from the structure of
iterative refinement or from the content of the stronger model’s answers. Table [I| reveals that the
answer depends on task difficulty. On easier benchmarks (GSM8K, MATH, GPQA), the majority
of the recovery is captured by process of asking questions (BL-CoT), and Haiku does approximately
as well as Opus as the LLM or as the Question Asker; the structured protocol alone enables Haiku
to self-correct on well-posed math and science problems.

On harder benchmarks, there is a larger gain in recovery rates when the LLM is large model.
Here, we speculate that the SLM lacks the knowledge to self-correct, so the information in Opus’s
binary answers becomes more important, and a stronger question-asker (Opus in QA™) amplifies
the improvement, as it can better identifies the SLM’s failure modes. AIME is an exception, with
uniformly low recovery across all configurations, suggesting that competition math resists the binary
Q&A format. Example transcripts illustrating the Q&A interaction are provided in Appendix

Compression Ratios. The rightmost column of Table [I| shows the compression achieved by
the QA protocol: 10 bits (10 binary answers) compared to a full Opus response, measured as
tokens x logy(100,277) ~ 16.61 bits per token using the c1100k_base tokenizer (an upper bound
treating each token as uniform over the vocabulary). The QA scheme achieves compression ratios
between 0.0006 and 0.0037, transferring only 10 bits compared to thousands in a full responseﬂ To
put these ratios in context, prior SOTA LLM-based lossless compression achieves approximately
0.08 on enwik9 (Delétang et all 2024), and our own domain-adapted LoRA approach (Section
reaches approximately 0.03. The QA scheme’s best result of 0.0006 on AIME represents over 100x
improvement over prior SOTA, illustrating the compressive power of interactive protocols that
exploit shared priors between models rather than encoding the full response text.

Regression on Easy Problems. The QA-compression protocol should not harm problems the
SLM already solves. We verify this by running the protocol on easy problems and find that regression
roughly matches Haiku’s own baseline inconsistency when re-evaluated with no protocol at all. Full

results are in Appendix [G.7 Table

Question Transcript Analysis Looking at the transcripts, the small model generates yes/no
verification questions that walk through its own solution step by step. Interestingly, 31% of recovered
problems had every answer confirmed as “yes” by the frontier model; the structured self-verification

3For multiple-choice tasks like GPQA, this framing is somewhat misleading: the correct answer contains only
log,(4) = 2 bits of information, so using 10 binary questions to communicate it is technically an ezpansion. The QA
scheme is most compelling for open-ended tasks (math, code) where the answer space is large, not for multiple-choice
tasks where the answer is already low-entropy.



alone was enough to fix the error. For example, on a GSM8K tax problem, Haiku asks questions
like “Does the solution correctly apply the 10% tax rate only to the nonfood subtotal?” and “Are
all five items accounted for with their correct prices”; the frontier model confirms each one, and
Haiku revises its answer anyway.

In another 37% of recoveries, the small model asks mostly confirming questions but surfaces
one or two key misconceptions. On a GSM8K word problem, Haiku asks “Does ’10 times more
than the fourth friend’ mean adding 10 times the fourth friend’s presses?”, and the frontier model
answers “no”, pinpointing the exact misinterpretation; the other four questions are all confirmed.
This pattern, where the small model’s approach is mostly sound and just needs a targeted correction,
accounts for the majority of successful recoveries.

When QA fails, the transcripts reveal two characteristic failure modes. In one, the small model
verifies all the steps of a wrong solution path. On a MATH algebra problem, Haiku carefully
checks each step of its factorization and sign analysis, the frontier model confirms them all, but the
fundamental setup is wrong and the questions never probe it. In the other failure mode, the small
model is too confused to ask useful questions at all. This is particularly stark on code benchmarks
(MBPP), where the small model asks about edge cases, type hints, and error handling (“Should the
function validate that the radius is non-negative?”, “Would it be beneficial to add type hints?”)
rather than probing its actual bug, however the corrections do not help because they are orthogonal
to the real issue.

Examples of transcripts are laid out in Appendix as well as uploaded to HuggingFace.

4 Novel Baselines

This section introduces two simple but effective compression methods that serve as competitive
standalone baselines for evaluating our QA-compression scheme and other approaches.

Section (3| explores a lossy baseline based on best-of-IV sampling and explicit prompting for
succinctness. By selecting the shortest high-quality response, we obtain approximately a 2x
improvement in compression ratio.

Section [4.2] presents a lossless baseline that builds on arithmetic coding. Rather than compressing
directly with a single language model, we pre-train multiple domain-adapted LoRA adapters
and select the most relevant adapter at inference time. This specialization yields roughly a 2x
improvement in compression ratio relative to a non-adapted model.

4.1 Lossy Compression Baselines: Response Rewriting

We introduce a simple approach to lossy compression is to generate multiple candidate solutions and
select the one that compresses best using a standard off-the-shelf arithmetic compression scheme.
This should not meaningfully change the distribution of texts that we produce, as we are selecting
only from texts generated by the LLM.

Shortest-of-N. Generate N candidate solutions and select the one with the lowest compression
ratio. We evaluate two variants: Temperature Sampling: Generate N independent solutions by
sampling with temperature 7' > 0 (we use T'= 0.8). Single-Prompt: Request N distinct solutions
in a single prompt, e.g., “Provide 5 different approaches to solve this problem.”

Summarization. Another relatively-straightforward alternative is to directly request a succinct
rewrite. First generate a verbose solution with full reasoning, then prompt the model to rewrite it
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Figure 2: Compression ratio vs. number of candidates N on AIME (left) and MBPP (right) problems,
using Opus as both generator and compressor. Just Ask (blue) achieves the best compression by
explicitly requesting succinct rewrites, roughly halving the compression ratio compared to Shortest-
of-N methods. Among Shortest-of-N variants, Temperature Sampling (green) outperforms
Single Prompt (red), likely because single-prompt solutions share structural patterns. Lower is
better.

“as succinctly as possible while preserving enough information to infer the correct answer.” This can
be combined with temperature sampling to generate N succinct rewrites and select the shortest.

Results. Figure [2| compares these three approaches on AIME (90 competition math problems
(AI-MO) 2024))) and Mostly Basic Python Programs (MBPP; 257 tasks (Austin et al., 2021)) using
Opus as the generator and Mistral-7B-Instruct as the compressor [Jiang et al.| (2023)), there are full
benchmark descriptions are in Appendix

On AIME, temperature sampling achieves compression ratios from 0.073 at N = 1 to 0.063
at N = 10 (1.2x improvement from sampling more candidates). Summarization significantly
outperforms both, achieving 0.039 at N =1 (= 1.9x better than temperature sampling) and 0.034
at N = 10, roughly halving the compression ratio from a single sample. Results with Haiku as
generator are qualitatively similar and shown in Appendix [D.4]

The summarized rewrites are approximately 4x shorter than verbose originals. Interestingly,
the shorter text has higher bits-per-character: by stripping away predictable boilerplate (“Step
1.7, “Therefore,”), summarization produces denser text that is harder for the compression model
to predict on a per-character basis. However, the reduction in length is larger than the increase
in per-character complexity, so the net effect is still roughly 2x better total compression. See
Appendix for a more in-depth analysis of this trade-off.

We find that selecting for compressibility does not degrade answer quality: across all three
generation strategies, choosing the most compressible candidate yields accuracy within a few
percentage points of random selection. See Appendix for the full analysis.

4.2 Lossless Compression through Domain-Adapted LoRAs

While LLMs provide powerful probabilistic models for text, arithmetic coding achieves optimal
compression only when the coding distribution matches the data distribution. When text drawn from
P is encoded using model @, the expected code length increases by the KL divergence KL(P || Q).
A general-purpose LLM may therefore compress domain-specific data suboptimally.



LoRA (Hu et al., 2021) has proven particularly effective for domain adaptation, enabling a single
base model to be specialized to multiple domains via lightweight adapters. If the sender and receiver
share a collection of domain-specific LoRA adapters, they can improve compression by selecting
the adapter that best matches the input distribution for each message. We investigate whether
domain-specialized language models can achieve better compression rates than general-purpose
models.

Experimental Setup. We use LMSYS-Chat-1M (Zheng et al.l 2023), a large-scale dataset of
real user conversations with LLMs, as our primary testbed. We cluster the dataset into 50 topic
clusters using K-means on Qwen embeddings. For ten clusters, we fine-tune a LoRA adapter (Hu
et al., |2021) on the training split (rank=16, «=32) using Mistral-7B-Instruct as the base model
(Jiang et al.l 2023)). We evaluate compression performance on held-out test samples with at least
200 tokens, measuring compression ratio using different methods: (1) Baseline: the base model
without any LoRA, (2) Gzip, (3) Correct LoRA: the adapter trained on the same cluster, (4)
Wrong LoRAs: an adapter trained for each of the nine remaining incorrect clusters, and (5) RAG
LoRA: the adapter selected by a retrieval-based router (described below). All the clusters and the
the LoRAs are shared publicly on HuggingFace.

For all methods, we report compression ratio as compressed size divided by uncompressed sizeE]

4.2.1 RAG-based LoRA Router

In practice, one does not have access to the exact distribution that a text was generated from, so
selecting the correct LoRA requires an automatic routing method. We propose an approach akin to
retrieval-augmented generation (RAG) (Lewis et al., 2021)).

Routing Protocol. We build a FAISS index over representative texts from each cluster using
Qwen embeddings. Each index entry maps to the corresponding cluster’s LoRA adapter. For each
input text, we embed the text, retrieve the top index, and use the corresponding LoRA adapter.

Routing Accuracy. We evaluate RAG routing accuracy on held-out test samples using both the
full text (prompt and response) and only the prompt. The router correctly identifies the domain
cluster approximately 72% of the time with full text and 55% with prompt only. For cluster-specific
results, see Appendix [C]

Results. Table 2] reports per-cluster compression ratios. On average, the correct LoRA achieves a
compression ratio of 0.09, a 2.0x improvement over the base model (0.18). Even the average wrong
LoRA improves to 0.13 (1.4x). The RAG-selected LoRA achieves 0.10 (1.9%), approaching the
oracle despite only 72% routing accuracy.

Analysis. The per-cluster results reveal that improvement varies by topic. Crucially, the correct
LoRA consistently outperforms the wrong LoRAs across all clusters, validating that topic-matched
adapters capture domain-specific patterns that transfer to improved compression. However, the
wrong LoRAs still outperform the base model, suggesting the dataset comprises highly-correlated
conversational text; a more diverse dataset would show wrong LoRAs having zero or negative effect.

4For GZIP, this is compressed bytes divided by original bytes. For arithmetic coding, this is output bits divided by
input bits, where input bits equals log, (vocabulary size) X number of tokens. The arithmetic coder’s bitstream can
be packed into bytes with negligible overhead (< 1 byte per message), so these metrics are directly comparable.
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Table 2: Compression performance (compression ratio) on LMSYS-Chat. Correct LoRA = adapter
trained on the same cluster; Average = mean across the 9 incorrect adapters; Worst = worst-
performing incorrect adapter; RAG LoRA = adapter selected by the retrieval-based router from
prompt only.

Baseline LoRA RAG LoRA
Cluster  Topic Gzip Base Model | Correct Average Worst Prompt
0 General Chat 0.49 0.21 0.11 0.13 0.14 0.11
1 Creative Writing 0.42 0.18 0.11 0.12 0.13 0.11
2 Code/Technical 0.46 0.28 0.10 0.20 0.21 0.10
3 Academic/Education | 0.44 0.16 0.09 0.11 0.11 0.10
4 Roleplay/Fiction 0.40 0.11 0.05 0.08 0.08 0.05
5 Business/Professional | 0.44 0.20 0.09 0.13 0.14 0.09
6 Philosophy/Ethics 0.45 0.19 0.09 0.14 0.14 0.09
7 Science/Math 0.39 0.15 0.09 0.11 0.11 0.10
8 Translation/Language | 0.43 0.18 0.08 0.13 0.14 0.10
9 Casual Q&A 0.44 0.15 0.10 0.12 0.13 0.10
Overall | 0.44 018 | 009 0.13 013 | 0.10

We replicate these results on WildChat (Zhao et al., 2024), a dataset of 1M ChatGPT interaction
logs (Table Appendix . The correct LoRA achieves a compression ratio of 0.10, a 1.7x
improvement over baseline (0.17), slightly lower than LMSYS (2.0x), consistent with WildChat’s
greater topic diversity within clusters.

5 Discussion

Using the framing of the QA-compression framework, we suggest a shift in how the presence of
open-source models alters the structure of communication we have access to. When two parties
share access to the same model, they effectively share a rich internal representation of the world.
Communication no longer requires transmitting an entire idea from scratch; instead, it is sufficient to
transmit only the difference between what the shared model would already generate and the intended
content. In this sense, shared models enable an unusually low-bandwidth form of communication
grounded in a common representation.

More broadly, question-asking serves not only as a compression primitive but also as a mechanism
for probing conditional information. Quantifying the conditional information between two beings
(human or LLM) is generally abstract and difficult to measure directly. By framing communication
as a sequence of binary questions, QA-style interaction provides an operational way to bound how
much additional information one agent must transmit to another about a specific concept. The
number of questions required offers a concrete proxy for their conditional information gap.

5.1 Applications to Model Security

One promising defense for protecting model weights is egress limiting: restricting the total number
of bits that exit a datacenter (Nevo et al., 2024; |Anthropic}, [2025; (Greenblatt, 2024). This rests
on a simple information-theoretic observation: if only 10 GB leaves a datacenter, an adversary
cannot steal more than 10 GB of anything, regardless of their attack vector. However, strict bit
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limits can harm legitimate users who need to receive model outputs. As we have explored in this
paper, natural language is extremely compressible, which can be used to empower defenders to
apply stricter egress limits, as model weights are generally more difficult to compress than textﬁ

5.2 Limitations

Selection bias in shortest-of-N. When we select the most compressible response from N
candidates, we are implicitly biasing toward certain kinds of outputs. We measure accuracy on
AIME to verify that compression-selected responses are not systematically worse (Appendix @, but
other quality dimensions (clarity, completeness, pedagogical value) are not evaluated. It is plausible
that optimizing for compressibility selects for responses that are terse or formulaic in ways that
standard accuracy metrics do not capture.

Benchmark-specific evaluation. Our QA-compression results are evaluated on math, code, and
science benchmarks with verifiable answers. These domains are well-suited to the binary question
format because correctness is unambiguous. The protocol’s effectiveness on open-ended generation
tasks (creative writing, summarization, advice) is untested and likely quite different, since these
tasks lack clear ground truth against which to evaluate yes/no questions.

LLM-as-judge reliability. The iterative QA-compression protocol relies on the LLM to answer
binary questions about solution correctness. When the LLM is itself wrong (as on very-hard
problems), its answers can actively mislead the SLM. We observe this empirically: on frontier
benchmarks where the judge fails to reliably evaluate solutions, regression on easy problems is severe
(Section . The protocol’s utility is therefore bounded by the LLM’s own accuracy on the task.

5.3 Future Work

Improving question quality for QA-compression. The QA-compression protocol is inherently
limited by the SLM’s ability to ask useful questions and integrate the answers. Our results show that
on frontier benchmarks, upgrading the question-asker to a stronger model yields meaningful gains
(Section , suggesting that question quality is a bottleneck. Future work could explore improving
the SLM’s question-asking ability, whether through prompt engineering, fine-tuning on transcripts
from successful QA-compression sessions, or reinforcement learning on recovery rate.

Alternative interactive schemes. Our QA-compression protocol relies entirely on the SLM’s
ability to ask useful questions. However, this is limiting: consider ”What are the first 5 decimal
places of /177”7 A small model lacks the capacity to derive the answer, so no sequence of binary
questions will help. A natural extension is to allow the LLM to inject information, providing
information that the SLM would not discover through questioning alone. Other low-bit interaction
schemes are also possible. For example, the SLM could generate N candidate responses, and the
LLM could select the best one in logy N bitsﬂ

®Though recent research seeks to find more compressible forms of model weights (Brown and Mazeikal, [2025)).

5We explored this direction but found that this meaningfully lengthened responses, eliminating compression gains.
However, we view this as an engineering challenge rather than a fundamental barrier, and we believe alternative
strategies may yet make such schemes viable.
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Improving Robustness to Non-determinism. In both lossless and lossy compression, achieving
meaningful compression ratios requires that the encoder and decoder reproduce identical model
outputs. However, models running on different hardware regularly exhibit non-deterministic outputs
at both the logit and token level (Yuan et all 2025; He and Lab, |2025; Rinberg et al.l 2025;
Karvonen et al., 2025). Compression schemes that are robust to small amounts of cross-machine
non-determinism would be significantly more practical. Some work has explored this direction
for arithmetic coding (Adler and Tang, [2026]), but the space remains largely unexplored for lossy
compression.

Robustness to Non-determinism. Both our lossless and interactive compression schemes
assume that the encoder and decoder reproduce identical model outputs. In practice, modern LLM
inference pipelines are not strictly deterministic: numerical discrepancies arise from floating-point
effects, hardware variation, batching, and low-level kernel implementations (Yuan et al., 2025; |He
and Labj, 2025} Rinberg et al. |2025; [Karvonen et al.| |2025]).

For arithmetic coding, exact agreement between encoder and decoder probability distributions
is required. Because decoding is autoregressive, even small mismatches can compound and lead
to catastrophic decoding failure. The QA-compression scheme is similarly sensitive: if the large
model fails to perfectly simulate the small model and generates a different question, synchronization
breaks and the protocol collapses. Recent work such as PMATIC (Adler and Tang), 2026) introduces
auxiliary “helper bits” to realign encoder and decoder distributions. In our work, we proposed a
complementary approach, block emission encoding, which periodically emits the midpoint of the
current coding interval and restarts from a fresh [0, 1] range after every N bits of information,
thereby limiting error propagation to a single block; however, more improvements need to be made
for this to be a robust solution[] Despite these advances, designing compression schemes that are
robust to cross-machine non-determinism remains an open problem.

"A more detailed discussion appears in Appendix
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A Extended Background

This appendix provides extended discussion of background concepts summarized in Section

A.1 Arithmetic Coding: Extended Discussion

Arithmetic coding is an entropy coding technique that achieves near-optimal lossless compression
by encoding a sequence of symbols using a number of bits that approaches the Shannon entropy of
the source (Witten et al., [1987)). Given a probabilistic model over a discrete alphabet, arithmetic
coding converts probability estimates directly into code lengths, assigning shorter codes to more
likely sequences and longer codes to less likely ones.

In the context of language modeling, let p denote a language model and let x1,xo,...,x, be a
sequence of tokens. When arithmetic coding is applied using the model’s conditional probabilities,
the resulting code length is approximately

n

> —logypl(w; | @1, wio1),
=1

which corresponds to the model’s cross-entropy evaluated on the sequence. Consequently, compression
performance is governed almost entirely by the quality of the language model’s predictive distribution.

Building on this observation, several recent works have demonstrated that large language models
can serve as effective entropy models for text compression when paired with arithmetic coding,
achieving strong empirical results in both online and offline settings (Bellard, 2023} Valmeekam
et al., [2023; Delétang et al., [2024).

A.2 Distribution Mismatch: Extended Discussion

Arithmetic coding achieves optimal compression only when the coding distribution matches the
true data-generating distribution. When text drawn from a distribution P is encoded using a model
@, the expected code length increases by the Kullback-Leibler divergence KL(P || @), yielding an
expected cost of H(P)+ KL(P || Q). As a result, a general-purpose LLM may perform suboptimally
when compressing domain-specific data whose statistics deviate from those seen during pretraining.

This motivates domain adaptation approaches. We address this challenge through lightweight
domain adaptation using LoRA fine-tuning (Section , which significantly improves compression
performance by reducing distributional mismatch.

A.3 Non-Determinism in LLM Inference: Extended Discussion

Arithmetic coding requires exact agreement between the probability distributions used by the
encoder and decoder. Modern LLM inference pipelines, however, are not strictly deterministic: small
numerical discrepancies arise across runs due to floating-point effects, hardware variation, kernel
implementations, or batching (He and Lab, 2025 Rinberg et al. 2025; Karvonen et al., [2025). Even
vanishingly small probability mismatches can cause decoder desynchronization and catastrophic
decoding failure.

This fragility is amplified by the sequential nature of arithmetic coding. Because decoding is
autoregressive, any mismatch alters the decoder’s context and thus the predicted distribution for
all subsequent tokens, causing errors to accumulate over long sequences. Many prior works do not
observe this issue because they run compression and decompression on a single machine, where the
cross-run non-determinism is very small (Delétang et al., |2024; [Valmeekam et al. 2023). However,
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real-world deployments necessarily involve separate encoder and decoder machines, where such
discrepancies become unavoidable.

Recent work has addressed this challenge explicitly. In particular, PMATIC proposes communi-
cating auxiliary “helper bits” to synchronize the effective model distributions between encoder and
decoder (Adler and Tang), 2026|). Since our focus is not on synchronization mechanisms themselves,
we do not propose new solutions in this direction and instead refer practitioners to PMATIC-style
approaches when deploying arithmetic coding with LLMs.

B Benchmarks, Evaluation Setup, and Dataset Statistics

B.1 Benchmarks

We evaluate our lossy compression methods on eight benchmarks spanning mathematics, code
generation, science, and expert-level reasoning. These were chosen to cover a range of task types
and difficulty levels, all with verifiable answers that enable automatic evaluation.

e GSMBSK (Cobbe et al.l 2021): 1,319 grade-school math word problems requiring multi-step
arithmetic reasoning. Answers are integers.

e MATH (Hendrycks et al.l [2021)): Competition-level mathematics. We evaluate three subjects:
Algebra (1,187 problems), Geometry (479), and Number Theory (540). Answers are typically

expressions in IATEX (e.g., | 5V/5 ).

e GPQA (MCQC) (Rein et al.| [2023): 198 graduate-level science questions (physics, chemistry,
biology) in multiple-choice format with four options.

e MBPP (Austin et al., 2021): 257 entry-level Python programming tasks from the sanitized
split. Evaluated by executing generated code against unit tests.

e AIME (AI-MO\ 2024): 90 problems from the American Invitational Mathematics Examination.
Answers are integers in {0, ...,999}.

e HLE (Phan et al 2025): 2,158 text-only problems from Humanity’s Last Exam, spanning
diverse expert-level domains. Includes both exact-match and multiple-choice questions.

B.2 Difficulty Classification

We classify each problem into one of four difficulty tiers based on which models solve it correctly in
a single baseline evaluation (temperature 0):

e Easy: All three models (Haiku, Sonnet, Opus) answer correctly.
e Medium: Haiku fails, but Sonnet and/or Opus succeed.

e Hard: Haiku and Sonnet fail, but Opus succeeds.

e Very Hard: All three models fail.

This classification is based on a single deterministic run per model; as we discuss in Appendix
this can be unreliable for harder benchmarks (AIME, HLE) where model outputs are not consistently
reproducible.
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B.3 Claude 4.5 Model Family Results

Table [3| summarizes model accuracies across all evaluated datasets using the Claude 4.5 model
family.

Table 3: Model accuracy across all datasets (Claude 4.5 family).

Dataset n Haiku Sonnet Opus
GSMS8K 1,319 90.3%  97.7% 97.9%
MATH (Algebra) 1,187 82.0% 87.1% 86.5%
MATH (Geometry) 479 68.3% 73.3% 72.0%
MATH (Num. Theory) 540 92.4%  92.0% 92.8%
GPQA (MC) 198 29.3% 28.3% 33.8%
MBPP 257 60.3% 72.4% 75.9%
AIME 90 57.8% 52.2% 94.4%
HLE 2,158  4.7% 6.6% 12.2%

B.4 Claude 3.5/4 Model Family Results
Table [4] shows results using the older Claude 3.5/4 model family for comparison.

Table 4: Model accuracy across all datasets (Claude 3.5/4 family).

Dataset n  Haiku Sonnet Opus
GSMS8K 1,319 93.6% 97.0% 97.0%
MATH (Algebra) 1,187 76.7%  87.0% 83.1%
MATH (Geometry) 479 47.6%  72.4% 68.9%
MATH (Num. Theory) 540 73.9%  92.0% 90.9%
GPQA (MC) 198 33.3% 31.8% 31.3%
MBPP 257 65.4% 69.3% 70.0%
AIME 90 3.3% 36.7% 46.7%
HLE 2,158  3.9% 54%  6.3%

B.5 Difficulty Distribution (Claude 4.5)
Table [5| shows the difficulty distribution for each dataset based on Claude 4.5 model performance.
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Table 5: Difficulty distribution across datasets (Claude 4.5 family).

Dataset n  Kasy Medium Hard V.Hard
GSM8K 1,319  89.0% 8.0%  0.4% 2.7%
MATH (Algebra) 1,187 78.2% 51%  2.1%  14.7%
MATH (Geometry) 479 60.3% 6.3% 4.4%  29.0%
MATH (Num. Theory) 540 88.7% L7%  0.6% 9.1%
GPQA (MC) 198 23.2%  3.0% 45%  69.2%
MBPP 257  58.8% 10.5%  6.6% 24.1%
AIME 90 43.3% 6.7% 31.1% 18.9%
HLE 2,158  1.4% 23% 7.2% 89.1%

B.6 Model Identifiers

Table [6] lists the Anthropic API model identifiers used in our experiments. We report results for
both model families: Claude 3.5/4 (Table {f) and Claude 4.5 (Table [3)).

Table 6: Anthropic API model identifiers.

Model Name Claude 3.5/4 (used in results) Claude 4.5

Haiku claude-3-5-haiku-20241022 claude-haiku-4-5-20251001
Sonnet claude-sonnet-4-20250514 claude-sonnet-4-5-20250929
Opus claude-opus-4-20250514 claude-opus-4-5-20251101

C LoRA Compression Results

C.1 Full Compression Results (All 10 LMSYS Clusters)

Table [7] provides the full per-cluster breakdown of compression performance across all 10 LMSYS
clusters.

Table 7: Compression performance (compression ratio) for all 10 LMSYS clusters. Correct LoRA =
adapter trained on the same cluster; Average = mean across the 9 incorrect adapters; RAG LoRA
= adapter selected by the RAG router using full text or prompt only.

Cluster  Topic Baseline Gzip Correct LoRA Worst Wrong Avg Wrong
0 General Chat 021 049 (0.44x) 0.1 (2.02x)  0.14 (1.48x)  0.13 (1.65%)
1 Creative Writing 0.18 0.42 (0.42x) 0.11 (1.67x)  0.13 (1.42x) 0.12 (1.47x)
2 Code/Technical 0.28 047 (0.61x)  0.10 (2.96x)  0.21 (1.32x)  0.20 (1.43x)
3 Academic/Education 0.16 0.44 (0.36x)  0.09 (1.71x)  0.11 (1.43x)  0.11 (1.49x)
4 Roleplay/Fiction 0.11 0.40 (0.26x)  0.05 (2.12x)  0.08 (1.32x)  0.08 (1.38x)
5 Business/Professional 0.20 0.44 (0.45x)  0.09 (2.20x) 0.14 (1.47x)  0.13 (1.56x)
6 Philosophy/Ethics 0.19 045 (0.43x) 0.09 (2.10x)  0.14 (1.33x)  0.14 (1.38x)
7 Science/Math 0.15 0.39 (0.38x)  0.09 (1.60x)  0.11 (1.34x)  0.11 (1.40x)
8 Translation/Language  0.18 0.43 (0.41x)  0.09 (2.08x)  0.14 (1.31x) 0.13 (1.35x)
9 Casual Q&A 015 044 (0.35x) 0.10 (L57x)  0.13 (1.22x)  0.12 (1.26x)
Average 0.18 0.44 (0.41x) 0.09 (1.99x) 0.13 (1.36x) 0.13 (1.44x)
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C.2 RAG Routing Accuracy (LMSYS)

Table 8: RAG Routing Accuracy by Cluster (LMSYS)

Cluster  Topic Full  Prompt Total
0 General Chat 60.0%  32.0% 50
1 Creative Writing 18.0%  16.0% 50
2 Code/Technical 78.0%  56.0% 50
3 Academic/Education  64.0%  36.0% 50
4 Roleplay /Fiction 98.0%  88.0% 50
5 Business/Professional ~ 90.0%  68.0% 50
6 Philosophy /Ethics 88.0%  84.0% 50
7 Science/Math 58.0%  30.0% 50
8 Translation/Language 78.0%  48.0% 50
9 Casual Q&A 88.0%  92.0% 50
Overall 72.0% 55.0% 500

Table 9: Full vs Prompt RAG Routing Compression, Bits per Token (BPT) and Compression Ratio
(LMSYS)

Cluster  Topic Full BPT Prompt BPT Full Comp. Ratio Prompt Comp. Ratio
0 General Chat 1.601 1.653 0.1069 0.1104
1 Creative Writing 1.636 1.715 0.1093 0.1146
2 Code/Technical 1.322 1.528 0.0884 0.1021
3 Academic/Education 1.417 1.504 0.0947 0.1005
4 Roleplay/Fiction 0.747 0.762 0.0499 0.0509
5 Business/Professional 1.340 1.345 0.0895 0.0899
6 Philosophy/Ethics 1.408 1.417 0.0940 0.0947
7 Science/Math 1.444 1.490 0.0965 0.0996
8 Translation/Language 1.326 1.550 0.0886 0.1036
9 Casual Q&A 1.464 1.496 0.0978 0.1000
Overall 1.370 1.446 0.0916 0.0966

C.3 WildChat Results

We replicate the LoRA compression pipeline on WildChat (Zhao et al. [2024), a dataset of 1M
ChatGPT interaction logs in the wild. The same clustering, training, and RAG routing procedure
is applied to 10 WildChat clusters.

RAG Routing Accuracy. Table [I0] reports per-cluster RAG routing accuracy on WildChat.
Overall accuracy is 77.0% (full text) and 53.0% (prompt only), which is comparable to LMSYS.

Compression Performance. Table reports compression ratios on WildChat. The correct
LoRA achieves a 1.7x improvement over baseline on average (0.10 vs. 0.17), slightly lower than
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Table 10: RAG Routing Accuracy by Cluster (WildChat)

Cluster  Topic Full Prompt Total
0 General Chat 56.0%  46.0% 50
1 Creative Writing 98.0% 0.0% 50
2 Code/Technical 94.0%  96.0% 50
3 Academic/Education  56.0%  32.0% 50
4 Roleplay/Fiction 92.0%  72.0% 50
5 Business/Professional ~ 52.0%  18.0% 50
6 Philosophy /Ethics 38.0%  22.0% 50
7 Science/Math 98.0%  80.0% 50
8 Translation/Language 88.0%  70.0% 50
9 Casual Q&A 98.0%  94.0% 50
Overall 77.0% 53.0% 500

LMSYS (2.0x), consistent with WildChat’s greater topic diversity within clusters.

Table 11: Compression performance (compression ratio) for all 10 Wildchat clusters. Correct LoRA
= adapter trained on the same cluster; Average = mean across the 9 incorrect adapters; RAG LoRA
= adapter selected by the RAG router using full text or prompt only.

Cluster  Topic Baseline Gzip Correct LoORA Worst Wrong Avg Wrong
0 General Chat 0.20  0.49 (0.40x)  0.13 (1.50x)  0.17 (1.15x)  0.17 (1.20x)
1 Creative Writing 0.19 038 (0.51x)  0.04 (4.92x) 0.16 (1.23x)  0.13 (1.51x)
2 Code/Technical 0.14 0.36 (0.39x)  0.10 (1.43x)  0.13 (1.06x) 0.12 (1.13x)
3 Academic/Education 0.14 0.51 (0.28x)  0.10 (1.38x)  0.13 (1.06x) 0.12 (1.14x)
4 Roleplay/Fiction 0.12 0.43 (0.28x)  0.09 (1.42x)  0.11 (1.09x)  0.10 (1.16x)
5 Business/Professional ~ 0.16 0.52 (0.30x)  0.12 (1.30x)  0.15 (1.05x)  0.14 (1.13x)
6 Philosophy/Ethics 017 045 (0.37x) 0.13 (1.32x)  0.14 (1.16x)  0.14 (1.19x)
7 Science/Math 0.24 046 (0.52x)  0.09 (2.75x)  0.20 (1.18x)  0.19 (1.24x)
8 Translation/Language  0.17  0.46 (0.36x)  0.12 (1.44x)  0.15 (1.11x)  0.14 (1.17x)
9 Casual Q&A 0.16  0.45 (0.36x) 0.1 (1.55x)  0.15 (1.08x)  0.14 (1.14x)
Average 0.17 0.45 (0.38x) 0.10 (1.67x) 0.15 (1.12x) 0.14 (1.20x)

C.4 LoRA Compression on enwik9

To evaluate LoRA-based compression beyond conversational data, we replicate the lmsys pipeline
(Section on enwik9, a 1 GB prefix of an English Wikipedia XML dump commonly used as a
compression benchmark. Unlike the Imsys dataset, which consists of multi-turn chat conversations,
enwik9 contains raw encyclopedic text spanning diverse topics.

C.4.1 Data Preparation

We extract individual Wikipedia articles from the XML dump, clean the text (removing markup,
templates, and metadata), and filter to articles with at least 100 words, yielding 136,572 articles.
We embed each article using the Qwen 0.6B embedding model and cluster with K-means into 10
clusters, then split each cluster 90/10 into train and test sets.
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Table 12: Full vs Prompt RAG Routing Compression, Bits per Token (BPT) and Compression
Ratio

Cluster Topic Full BPT Prompt BPT Full Comp. Ratio Prompt Comp. Ratio
0 General Chat 2.007 2.035 0.1341 0.1360
1 Creative Writing 0.590 0.590 0.0394 0.0394
2 Code/Technical 1.454 1.471 0.0972 0.0983
3 Academic/Education 1.575 1.589 0.1052 0.1062
4 Roleplay/Fiction 1.273 1.298 0.0850 0.0867
5 Business/Professional 1.836 1.884 0.1227 0.1259
6 Philosophy/Ethics 1.930 1.968 0.1290 0.1315
7 Science/Math 1.304 1.318 0.0871 0.0881
8 Translation/Language 1.721 1.743 0.1150 0.1164
9 Casual Q&A 1.573 1.580 0.1051 0.1055
Overall 1.526 1.547 0.1020 0.1034

C.4.2 Cluster Summary

Table summarizes the 10 clusters. The largest cluster (002) consists almost entirely of US
Census-style geographic entries with highly formulaic text, which we expect to compress particularly
well with a specialized LoRA.

Table 13: enwik9 cluster summary (10 clusters, 136,572 articles total).

Cluster Topic Train Test
0 General knowledge / social concepts 8,464 941

1 Entertainment / arts / pop culture 12,111 1,346

2 US geography / census data 27,366 3,041

3 History and mythology 8,108 901

4 Geography and nature (international) 8,718 969

5 Politics and government 7,030 782

6 Science and nature 11,227 1,248

7 Infrastructure and miscellany 9,026 1,003

8 Biographies and institutions 10,830 1,204

9 Technology and computing 7,734 860
Total 122,909 13,663

Cluster 2 is notably larger than the others (~2.5x the mean), reflecting Wikipedia’s large
number of auto-generated US locality stubs that share near-identical structure (population, area,
demographics).

C.4.3 Experimental Setup

We train one LoRA adapter per cluster on Mistral-7B-Instruct-v0.2, using the same hyperparameters
as the lmsys pipeline (rank 16, « = 32, 3 epochs). For LoRA selection at test time, we build a
FAISS index over BGE-large-en-v1.5 embeddings of 1,000 training samples per cluster and route
each test text via k-nearest-neighbor majority vote (k = 10).

We evaluate three compression conditions using arithmetic coding (64-bit precision) on held-out
test texts (minimum 200 tokens):

1. Baseline: Mistral-7B with no LoRA adapter.
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2. Correct LoRA (oracle): Mistral-7B with the LoRA trained on the same cluster as the test
text.

3. RAG-selected LoRA: Mistral-7B with the LoRA chosen by the RAG router.

C.4.4 RAG Routing Accuracy

Table [I4] reports RAG routing accuracy per cluster, evaluated on 50 test texts per cluster. Overall
accuracy is 80%, with substantial variation across clusters.

Table 14: RAG routing accuracy on enwik9 (50 test texts per cluster, k = 10 nearest neighbors).

Cluster  Topic Correct / Total Accuracy
0 General knowledge / social concepts 40 / 50 80.0%
1 Entertainment / arts / pop culture 45 / 50 90.0%
2 US geography / census data 50 / 50 100.0%
3 History and mythology 45 / 50 90.0%
4  Geography and nature (international) 39 /50 78.0%
5 Politics and government 37 /50 74.0%
6 Science and nature 43 / 50 86.0%
7 Infrastructure and miscellany 31 /50 62.0%
8 Biographies and institutions 32 /50 64.0%
9 Technology and computing 38 /50 76.0%
Overall 400 / 500 80.0%

Cluster 2 (US geography/census) achieves perfect routing accuracy, consistent with its highly
distinctive, formulaic text. Clusters 7 (infrastructure) and 8 (biographies) are the hardest to route,
likely because their content overlaps with multiple other clusters.

C.4.5 Compression Results (50 Clusters)

We extend the enwik9 experiment to 50 clusters for finer-grained topic specialization. We split enwik9
into chunks of approximately 2,000 tokens each and cluster using k-means on all-MinilM-L6-v2
embeddings. Each cluster’s LoRA is trained on Mistral-7B-Instruct-v0.2 with rank r = 16, a = 32,

for 3 epochs.
Table (15| shows per-cluster compression performance, sorted by baseline compression ratio. The

compression ratio is computed as:

compressed bits

compression ratio = -
tokens x log,(vocab_size)

where log,(32000) =~ 14.97 bits per token represents uniform encoding over Mistral’s vocabulary.

28



Table 15: Enwik9 compression performance (50 clusters, sorted by baseline). Lower compression
ratio is better.

Cluster Samples Baseline RAG LoRA Correct LoRA RAG Acc

27 524 0.060 0.044 0.044 96.0%
36 1,327  0.064 0.046 0.045 70.4%
0 818  0.075 0.053 0.053 71.4%
11 469  0.077 0.055 0.055 90.4%
2 346  0.103 0.078 0.078 51.7%
44 121 0.138 0.110 0.110 87.6%
13 299  0.147 0.116 0.117 78.3%
9 330 0.164 0.141 0.140 51.2%
19 246  0.166 0.111 0.111 87.4%
41 233 0.189 0.160 0.160 95.7%
16 307 0.193 0.159 0.159 81.4%
10 257  0.194 0.162 0.162 80.2%
34 188  0.194 0.161 0.160 67.0%
38 122 0.195 0.169 0.169 78.7%
39 269  0.197 0.174 0.174 65.8%
22 118  0.197 0.162 0.163 92.4%
4 158  0.199 0.159 0.160 63.9%
6 176  0.200 0.165 0.165 72.7%
32 150  0.205 0.167 0.167 88.7%
26 250  0.208 0.182 0.182 74.4%
7 228  0.208 0.178 0.178 90.4%
15 355 0.210 0.183 0.183 73.2%
24 343  0.210 0.183 0.182 64.7%
1 373 0.212 0.184 0.184 60.1%
31 111 0.214 0.183 0.183 81.1%
46 179  0.214 0.182 0.183 73.7%
23 340 0.215 0.190 0.190 45.0%
49 100 0.218 0.181 0.181 90.0%
48 214 0.219 0.191 0.191 89.7%
42 143 0.219 0.194 0.194 83.2%
25 257 0.220 0.188 0.188 77.0%
3 169 0.220 0.190 0.190 86.4%
14 246  0.221 0.189 0.189 80.5%
28 219  0.222 0.198 0.198 79.9%
40 198  0.225 0.194 0.194 79.3%
33 303 0.225 0.196 0.196 55.8%
30 166 0.227 0.196 0.196 90.4%
29 205 0.227 0.173 0.173 89.3%
21 268  0.228 0.190 0.189 40.7%
45 220 0.228 0.203 0.203 64.5%
35 142 0.228 0.202 0.202 69.0%
43 229  0.230 0.199 0.199 76.4%
8 107 0.235 0.209 0.209 90.7%
47 192 0.240 0.209 0.208 83.9%
17 245  0.244 0.209 0.209 77.1%
18 182 0.247 0.215 0.215 68.7%
20 312 0.248 0.220 0.219 63.1%
12 285 0.248 0.219 0.219 66.7%
5 158  0.248 0.224 0.224 68.4%
37 245  0.253 0.224 0.224 64.1%
Total 13,442 0.176 0.148 0.148 73.6%

Key findings.

e 16% compression improvement: LoRA adaptation reduces the average compression ratio
from 0.176 (baseline) to 0.148 (RAG LoRA), a 16% reduction in compressed size.

e High variance across clusters: Compression ratios range from 0.044 (cluster 27) to 0.224
(clusters 5, 37), reflecting Wikipedia’s content diversity. The best-compressing clusters likely

29



contain highly structured content (tables, lists, formulaic entries).

¢ RAG LoRA =~ Correct LoRA: Despite 26.4% routing errors, RAG LoRA achieves nearly
identical compression to the oracle (0.148 vs 0.148). This indicates that misrouted samples
are typically sent to clusters with similar compression characteristics.

e Routing accuracy varies: RAG accuracy ranges from 40.7% (cluster 21) to 96.0% (cluster
27), with an overall accuracy of 73.6%.

Notes on baseline compression. Our baseline compression ratio of 0.176 is higher (worse)
than ratios reported in prior work on neural text compression Delétang et al.| (2024), which report
values closer to 0.1 for the same model size. This discrepancy is likely due to several factors: (1)
differences in base models (we use Mistral-7B-Instruct rather than models specifically optimized
for compression), and (2) differences in experimental setup (e.g., how text is chunked, minimum
token thresholds, evaluation protocol). The key takeaway is not the absolute compression ratio, but
rather the relative improvement from LoRA adaptation: a consistent 16% reduction in compressed
size across all clusters.

Comparison to conversational data. Interestingly, the conversational datasets (LMSYS and
WildChat) achieve substantially better compression ratios than enwik9. LMSYS achieves a baseline
ratio of 0.09 and WildChat achieves 0.10 (Tables @] and , compared to 0.176 for enwik9. This
suggests that LLM-generated conversational text is ~2x more compressible than raw Wikipedia
text. This is intuitive: conversational text produced by LLMs likely has more predictable patterns
and less information density than encyclopedic content, which contains diverse factual information,
proper nouns, dates, and technical terminology.

D “Just Ask” Compression

D.1 Quality Preservation in Lossy Compression

When using Summarization (Section [4.1)), a natural concern is whether the succinct rewrite preserves
the quality of the original reasoning, or merely preserves enough surface-level information to guess
the answer.

Answer-Masking Check. We implement a simple quality check. Before requesting the succinct
rewrite, we mask the final answer in the verbose solution, replacing with . The model then
rewrites the masked solution, and must re-derive the correct answer from its own succinct version.
If it produces an incorrect answer, we consider the compression too lossy.

Limitations. This check is imperfect. The succinct version might “leak” information about the
answer through numerical patterns or structural cues (e.g., “the answer is a two-digit prime”)
without actually preserving the full reasoning chain. A human reader might find the succinct version
harder to follow or less informative than the verbose original, even if a language model can still
extract the correct answer.

More rigorous assessment would require human evaluation of reasoning quality, or measuring
performance on downstream tasks that depend on understanding the solution (not just knowing the
final answer). We leave such evaluation to future work. Other work, such as Wang et al. (2020);
Dua et al.| (2025]) propose alternative mechanisms for evaluating that a summary retains the core
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information from the body, largely premised on using an LLM to generate questions about the
original text, and then prompting another LLM to answer the questions based on the original and
answer the questions based on the summarized text, and comparing alignment.

D.2 Effect of Compression-Based Selection on Accuracy

A natural concern with best-of-N selection by compressibility is whether choosing the most com-
pressible candidate degrades answer quality. To investigate this, we compare the accuracy of two
selection strategies across 90 AIME problems: (1) random selection, which picks uniformly among
the N candidates (equivalently, the expected accuracy of a single draw), and (2) best-compression
selection, which picks the candidate with the lowest compression ratio.

AIME: Random vs Best-Compression Selection
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Figure 3: Accuracy of random selection (dashed) versus best-compression selection (solid) on 90
AIME problems using Opus. Random selection reports the expected accuracy of picking uniformly

among N candidates. Across all three generation strategies, selecting the most compressible
candidate yields accuracy within a few percentage points of random selection.

Figure 3| shows the results for all three generation approaches using Opus. For all three strategies,
compression-based selection yields accuracy within a few percentage points of random selection
across all values of N. For temperature sampling, random selection benefits slightly from oracle
best-of-N at large N (rising from ~70% to ~76% at N=10), while compression-based selection
remains relatively flat around 72-74%. For single prompt and just ask, both selection strategies
yield nearly identical accuracy (~70-71%) across all N.

These results indicate that compression-based selection does not sacrifice accuracy. For the
weaker Haiku model, compression-based selection can even improve accuracy (see .

D.3 Relative Compression Ratios

Figures {4| and |5| show both the absolute compression ratio (top row) and the relative compression
ratio normalized to Temperature Sampling at N=1 (bottom row) for Opus and Haiku respectively. A
relative compression ratio of 1.0 (dashed gray line) corresponds to no improvement over the baseline;
lower values indicate better compression. On AIME, Just Ask achieves a relative compression ratio

31



of ~0.5 for both models, meaning it compresses to roughly half the size of the temperature sampling
baseline. On MBPP, the gains are even more pronounced: Just Ask reaches ~0.27 for Opus and

~0.45 for Haiku.
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Figure 4: Absolute compression ratio (top) and relative compression ratio normalized to Temperature
Sampling at N=1 (bottom) on AIME (left) and MBPP (right) using Opus. The dashed gray line at
1.0 indicates the baseline: values below 1.0 represent improved compression, while values above 1.0
indicate worse compression than the baseline. Lower is better.
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Figure 5: Absolute compression ratio (top) and relative compression ratio normalized to Temperature
Sampling at N=1 (bottom) on AIME (left) and MBPP (right) using Haiku. The dashed gray line
at 1.0 indicates the baseline: values below 1.0 represent improved compression, while values above
1.0 indicate worse compression than the baseline. Lower is better.

D.4 Haiku Results

Figure [6] shows the compression comparison using Haiku as both generator and compressor. The
qualitative pattern matches Opus: summarization achieves the best compression, followed by
temperature sampling, with single-prompt generation performing worst. On AIME, temperature
sampling achieves compression ratios from 0.065 at N = 1 to 0.055 at N = 10, while summarization
achieves 0.036 to 0.032.
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Figure 6: Compression ratio vs. number of candidates N on AIME (left) and MBPP (right) problems,
using Haiku as both generator and compressor. The qualitative pattern matches Opus (Figure [2):
Just Ask achieves the best compression, followed by Temperature Sampling, with Single Prompt
performing worst.

Figure [7] shows the accuracy trade-off for Haiku. Notably, for single prompt, compression-based
selection improves accuracy from 30% (random) to 38% at N=10, an 8 percentage point gain. This
can be explained by examining the compressibility of correct versus incorrect solutions: correct
answers are on average more compressible than incorrect ones (—0.65% and —1.71% difference in
compression ratio for temperature sampling and single prompt, respectively), suggesting that correct
solutions follow more predictable reasoning patterns. For just ask, the correlation is negligible
(+0.23%), consistent with the flat accuracy curves.
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Figure 7: Accuracy of random selection (dashed) versus best-compression selection (solid) on 90
AIME problems using Haiku. For single prompt generation, compression-based selection improves
accuracy by up to 8 percentage points at N=10, suggesting that correct solutions follow more
predictable reasoning patterns.
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D.5 Knowledge Density and Compressibility

An interesting phenomenon emerges when we examine what happens to text after summarization:
the rewritten text is shorter but less compressible per character. Figure [§] illustrates this on AIME
problems using Haiku. The verbose original solutions contain predictable boilerplate (“Step 1:”,
“Therefore,”, “Let us consider”) that an LLM easily predicts, resulting in low bits-per-character. When
we ask the model to rewrite the solution as succinctly as possible, the boilerplate is stripped away
and what remains is denser, less predictable text: variable names, key equations, and compressed
reasoning steps that the LLM used for compression cannot as easily anticipate.

However, the reduction in length is larger than the increase in per-character complexity. A typical
verbose solution of ~2,100 characters at ~5.3% compression ratio becomes a ~590-character rewrite
at ~9.5% compression ratio. Despite the nearly doubled bits-per-character, the total compressed
size drops by roughly 40% because the text is 3.6x shorter. In other words, summarization increases
the density of information of the text while still reducing the total information cost.
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Figure 8: Compression ratio (bits-per-character) for verbose original solutions versus succinct
rewrites on AIME problems using Haiku. Summarized text has higher bits-per-character (less
redundancy per character) but is substantially shorter, yielding lower total compressed size.

E Negative Results & Ablations

In this section, we document approaches that did not yield the expected improvements, as well as
ablation studies that provide insight into the mechanisms underlying our methods.

E.1 Judge Design

The iterative QA protocol requires a judge to decide whether the SLM’s updated answer is satisfactory
(and should be accepted) or whether to continue asking questions. Two natural options arise:

1. Objective (standalone) judging. The judge evaluates the SLM’s answer on its own merits,
scoring solution quality on a 1-10 scale. This does not require a reference solution, but relies
on the judge’s ability to assess correctness independently.

2. Comparison judging. The judge compares the SLM’s answer against the LLM’s own
solution, scoring how similar or aligned they are. This gives the judge a concrete reference,
but the LLM’s own answer may itself be wrong on hard problems.
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We evaluate both options below, along with ablations on the quality threshold and gold-answer
access.

E.1.1 Quality-Thresholding Judge in QA Compression

A natural idea for improving the QA protocol is to add a quality-thresholding judge: after each
round of questions, an LLM evaluates the SLM’s updated answer on a 1-10 scale. If the score meets
a threshold (> 7), the protocol accepts the current answer and early-stops; otherwise, it continues
asking questions in hopes of further improvement.

We test this by comparing the standard QA protocol against an iterative variant that adds an
objective judge. Both protocols use the same model configurations, BL-CoT (Haiku—Haiku—Haiku)
and QA (Haiku—Opus—Haiku), evaluated on Claude 4.5 models, with a budget of 10 binary yes/no
questions each. The protocols differ in two ways:

1. Quality thresholding: The iterative variant adds a judge that evaluates the SLM’s answer
on a 1-10 scale (mathematical soundness, calculation correctness, reasoning clarity) after each
batch of 5 questions. If the score > 7, the protocol accepts the current answer and early-stops.

2. Gold answer access: In the standard protocol, the LLM answering questions is given the
gold answer as reference. In the iterative variant, the LLM generates its own solution first,
then uses it as reference for answering questions.

These two changes are confounded: the iterative variant both removes gold answer access and adds
judging. However, since QA compression in practice cannot rely on gold answers, the iterative
protocol represents the more realistic setting.

Table shows that the iterative protocol consistently reduces recovery rates compared to
the standard protocol. For the QA configuration (Haiku—Opus—Haiku), recovery drops on all 8
datasets. The “Standard” column reproduces the results from Table

Table 16: Recovery rates (%) for the standard QA protocol (Table vs. the iterative variant.
“Standard”: 10 questions in one batch, LLM given gold answer, no judge. “Iterative”: 2 batches
of 5 questions, LLM generates own solution, objective judge with threshold > 7/10. A: change in
recovery rate. Negative values indicate the iterative protocol performs worse.

BL-CoT (h—h—h) QA (h—o—h)

Dataset Std  Iter A Std Iter A
GSM8K 23.4 26.9 +3.5 31.0 276 -—-3.4
MATH (Algebra) 40.5 36.0 —4.5 38.2 36.0 —2.2
MATH (Geometry) 38.4 33.3 —5.1 389 313 —7.6
MATH (Num. Thy) 36.1 44.3 +8.2 44.3 42.6 —1.7
GPQA (MC) 13.2 8.0 —-5.2 17.1 87 -84
MBPP 15.1 14.2 —-0.9 179 17.0 -0.9
AIME 19.6 9.8 —-9.8 176 11.8 —5.8
HLE 5.2 2.7 —25 78 13 —-6.5
Mean 23.9 21.9 —2.0 26.6 22.0 —4.6

8Sample sizes differ slightly between the two protocols: the standard protocol evaluates all non-easy problems,
while the iterative variant caps at 150 per dataset.
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Analysis of judge behavior. To understand the role of the quality-thresholding judge specifically,
Table |17| examines its behavior in the iterative protocol. Note that “early stop” means the judge
was satisfied (score > 7) and terminated the protocol, accepting the current answer.

Table 17: Judge behavior statistics (objective judge, QA config). Early-stop %: fraction of problems
where the judge scored > 7 and accepted the answer before all 10 questions were used. Avg. Score:
mean judge rating (1-10). Score < 7: fraction of individual evaluations below the acceptance
threshold.

Dataset Early Stop (%) Avg Qs Used Avg Score Score < 7 (%)
GSM8K 89.0 5.9 8.5 19.0
MATH (Algebra) 98.7 5.1 9.7 3.0
MATH (Geometry) 78.7 6.3 7.2 36.6
MATH (Num. Thy) 90.2 5.7 8.4 20.0
GPQA (MC) 90.0 6.1 7.5 25.5
MBPP 92.5 5.5 8.3 12.3
AIME 19.6 9.4 3.0 91.8
HLE 50.7 7.7 5.4 64.7

The data reveals two distinct failure modes:

1. Easy-to-judge datasets (MATH Algebra: avg. score 9.7, 98.7% early stopped). The judge
gives high scores and accepts the answer after just one round of 5 questions, before the SLM
has received enough guidance from the Q&A exchange. The no-judge protocol would have
continued for a full 10 questions, giving the SLM more information to work with.

2. Hard-to-judge datasets (AIME: avg. score 3.0, 80.4% not early stopped; HLE: avg. score
5.4, 49.3% not early stopped). The judge scores are persistently low, so the protocol runs all
10 questions but the final answer is still scored poorly. On AIME, problems that were not
early stopped show severe regression: 7 out of 41 were initially correct, but only 1 remained
correct after the Q& A exchange, a regression rate of 86%.

In neither regime does the judge provide a net benefit. On easy problems, it terminates the
protocol prematurely; on hard problems, it fails to prevent regression. The judge lacks the ability
to distinguish between “the answer improved but is still imperfect” (where it should continue) and
“the Q&A guidance is making things worse” (where it should revert to the original answer).

Beyond the judge, the removal of gold answer access likely also contributes to the drop in
recovery. When the LLM must generate its own solution to answer questions, its yes/no responses
may be less reliable, particularly on hard problems where the LLM itself struggles. To partially
disentangle these factors, we run two additional ablations:

1. Higher threshold (> 9): Raising the quality threshold from 7 to 9 should reduce premature
early stopping, since the judge will accept fewer answers. This isolates whether the threshold
level is the primary issue.

2. Gold-answer judge: The judge is given the gold answer for evaluation, while the LLM still
answers questions using its own solution. This isolates the judge’s evaluation quality from the
LLM’s question-answering quality.
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Higher threshold (> 9). Table|1§ compares recovery rates under the default threshold (> 7) and
a stricter threshold (> 9). The stricter threshold reduces premature early stopping: for example, on
GPQA the early-stop rate drops from 90% to 61%, and on HLE from 51% to 7%. Despite forcing
the protocol to ask more questions, recovery rates do not improve.

Table 18: Recovery rates (%) for the iterative protocol with quality threshold > 7 (default) vs. > 9.
Both use the objective judge, no gold answer. A: change in recovery rate.

BL-CoT (h—h—h) QA (h—o—h)

Dataset t=7 t=9 A t=T7 t=9 A
GSM8K 18.8 14.8 —-3.9 195 20.3 +40.8
MATH (Algebra)  27.3 266 —0.8 27.3 258 —1.6
MATH (Geometry) 25.8 194 —6.5 234 22,6 —-0.8
MATH (Num. Thy) 24.4 19.5 —4.9 19.5 19.5 +0.0
GPQA (MC) 51 51 400 65 6.5 +0.0
MBPP 12.7 14.7 +2.0 16.7 18.6 +2.0
AIME 53 2.6 —2.6 53 26 —-26
HLE 2.8 0.7 —-21 14 14 +40.0
Mean 15.3 12.9 —2.3 15.0 14.7 —-0.3

Gold-answer judge. Table 19| compares the default iterative protocol (judge evaluates without
the gold answer) to a variant where the judge is given the gold answer for evaluation. The LLM
still answers questions using its own solution in both cases, so this isolates the judge’s evaluation
quality from the LLM’s question-answering quality.

Table 19: Recovery rates (%) for the iterative protocol without vs. with gold answer access for the
judge. Both use the objective judge with threshold > 7. The LLM answers questions using its own
solution in both cases. A: change in recovery rate.

BL-CoT (h—h—h) QA (h—o—h)
Dataset Base Gold A Base Gold A

GSMS8K 18.8 20.3 +1.6 195 19.5 40.0

MATH (Algebra) 273 266 —-0.8 273 273 +0.0

MATH (Geometry) 25.8 194 —6.5 234 258 424

MATH (Num. Thy) 244 244 40.0 195 19.5 +0.0
(M

GPQA (MC) 5.1 58 +0.7 65 80 +14
MBPP 127 147 420 16.7 176 +1.0
AIME 5.3 79 +26 53 53 40.0
HLE 2.8 14 -14 14 1.4 +0.0
Mean 153 151 —-0.2 150 156 +0.6

Comparison-mode judge. We also test a comparison-mode judge, which rates the SLM’s answer
relative to the LLM’s own solution rather than evaluating it in isolation. Table [20| shows recovery
rates across all three protocols: the standard (no-judge) protocol from Table the iterative
protocol with an objective judge, and the iterative protocol with a comparison judge. Both iterative
variants use threshold > 7, and the LLM answers questions using its own solution (no gold answer).
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Table 20: Recovery rates (%) across three protocols. “Standard”: no judge, LLM given gold answer,
10 questions in one batch. “Objective”: standalone quality judge, threshold > 7, no gold answer.
“Comparison”: judge compares SLM answer to LLM answer, threshold > 7, no gold answer. Bold
indicates the highest value in each row.

Standard Objective Comparison
Dataset BL-CoT QA BL-CoT QA BL-CoT QA
GSMS8K 234 31.0 26.9 27.6 27.6 28.3
MATH (Algebra) 40.5 38.2 36.0 36.0 34.0 36.7
MATH (Geometry) 38.4 38.9 33.3 31.3 29.3 31.3
MATH (Num. Thy) 36.1 44.3 44.3 42.6 42.6 39.3
GPQA (MC) 13.2 17.1 8.0 8.7 10.0 11.3
MBPP 15.1 179 14.2 17.0 16.0 19.8
AIME 19.6 17.6 9.8 11.8 59 11.8
HLE 52 7.8 27 1.3 0.7 2.0

The standard protocol achieves the highest recovery on 6 of 8 datasets, confirming that the
primary driver of the gap is gold answer access rather than judge mode. Between the two judge
modes, comparison slightly outperforms objective for QA (mean 22.6% vs 22.0%) while slightly
underperforming for BL-CoT (20.8% vs 21.9%). The comparison judge preserves more of the
QA-over-BL-CoT advantage (41.8pp vs 4+0.1pp for objective), likely because it evaluates relative to
the LLM’s own answer, which is stronger in the QA configuration (Opus) than in BL-CoT (Haiku).
However, neither judge mode closes the gap to the standard protocol.

F Block Emission Arithmetic Coding

This appendix provides detailed pseudocode for our block emission arithmetic coding scheme. The
key challenge with standard arithmetic coding is that encoder and decoder must agree exactly on
probability distributions. In practice, floating-point non-determinism, hardware differences, and
batching effects can cause small mismatches that accumulate over long sequences, eventually causing
decoding failures.

Block emission addresses this by periodically emitting the current interval midpoint whenever
the range becomes too small, then restarting with a fresh [0, 1] interval. This limits how much drift
can accumulate before being “reset,” making the scheme robust to minor probability discrepancies.
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F.1 Algorithms

Algorithm 2 Block Emission Encoding

Require: tokens T = [ty,...,t,], model M, context C, bit precision B, emission threshold e
Ensure: encoded blocks F, token counts K
1: low + 0, high + 1

2 E<« ], K <[], count <0
3: M.reset(C') {Initialize model with context}
4: for each token ¢ in 7' do
5. p < M.get_distribution() {Next-token probabilities}
6:  cdf + cumsum(p) {Cumulative distribution}
7. range < high — low
8 new_low < low+ range - cdfit — 1] {cdf|0] =0}
9:  new_high < low + range - cdf[t]
10: if (new_high — new_low) < € or count > 2° — 1 then
11: E.append <LW (2B — I)J) {Emit block}
12: K.append(count)
13: low < cdf[t — 1], high < cdf[t] {Fresh interval}
14: count < 1
15:  else
16: low < new_low, high < new_high
17: count < count + 1
18:  end if
19:  M.add_token(t) {Update model state}
20: end for
21: E.append (L% (2B - 1)J) {Emit final block)
22: K.append(count)
23: return (E, K)
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Algorithm 3 Block Emission Decoding

Require: encoded blocks F, token counts K, model M, context C, bit precision B
Ensure: decoded tokens T’

1. T+ H

2: M.reset(C) {Initialize model with context}

3: for i =1 to |E| do

4: v+ Ei]/(2B — 1) {Dequantize to [0,1]}

5. low < 0, high + 1

6: for j=1to K[i] do

7: p < M.get_distribution()

8: cdf + cumsum(p)

9: range <— high — low

10: target <— (v — low)/range {Normalize position in interval}
11: t <— min{k : cdf[k] > target} {Find token via CDF lookup}
12: low < low + range - cdf{t — 1]

13: high < low + range - cdf[t]

14: T.append(t)

15: M .add _token(t)

16: end for

17: end for

18: return T

F.2 Design Rationale

Block Emission. Standard arithmetic coding maintains a single interval [low, high| that narrows
with each encoded symbol. When encoder and decoder probability distributions differ slightly (due
to floating-point non-determinism, hardware variations, or batching effects), these small mismatches
accumulate over the sequence. Block emission addresses this by emitting the interval midpoint
(quantized to B bits) whenever the range falls below threshold e, then restarting with a fresh [0, 1]
interval. This periodic reset limits how much drift can accumulate, making the scheme robust to
minor probability discrepancies between encoder and decoder.

Implementation Details. In our experiments we use B = 58 bits for each emitted midpoint and
allocate additional bits for a per-block token count that records how many tokens are packed into
each block. This token count is necessary for the decoder to know when one block ends and the next
begins. With b bits for the count, each block can encode up to 2° — 1 tokens. The total overhead
per block is therefore B 4+ b bits. We find this overhead negligible in practice: blocks typically
contain 15-30 tokens, so the amortized cost is roughly 3-5 additional bits per token beyond the
entropy-optimal rate.

G Q&A Compression Detailed Results (Correct-Answer Ablation)

This appendix presents an ablation where the LLM answering yes/no questions is given the correct
answer from the dataset directly, rather than generating its own solution as a reference. Additionally,
all N = 10 questions are generated in a single batch with no iterative quality thresholding or
early stopping. This provides an approximation of an upper bound on the protocol’s potential:
access to the correct answer ensures the LLM knows the final answer, but it does not provide
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the reasoning that produced it, so the LLM cannot compare the SLM’s reasoning path against a
reference derivation. In practice, the LLM’s own solution (used in the main results, Table [I) may
sometimes be more useful for answering questions about how to arrive at the answer, even if the
solution itself is occasionally wrong.

We compare two configurations:

¢ BL-CoT (Bit-Limited Chain-of-Thought): SLM=Haiku, LLM=Haiku, Q=Haiku. The
small model asks questions answered by itself.

e QA: SLM=Haiku, LLM=0pus, Q=Haiku. The small model asks questions answered by the
large model (with access to the correct answer).

G.1 Recovery Rate by Difficulty (Claude 4.5)

Table [21] reports the recovery rate broken down by difficulty level. Problems are grouped as Medium
(Haiku fails, Opus succeeds), Hard (Haiku and Sonnet fail, Opus succeeds), and Very Hard (all
models fail). n is the total number of non-easy problems per dataset.

Table 21: Recovery rate (%) on problems where Haiku initially fails (Claude 4.5). BL-CoT = Bit-
Limited Chain-of-Thought (haiku—haiku—haiku); QA = QA Compression (haiku—opus—haiku).
A = QA — BL-CoT. Higher is better.

‘ ‘ Medium ‘ Hard ‘ Very Hard ‘ All Non-Easy
Dataset ‘ n‘BL—CoT QA‘BL—COT QA‘BL—COT QA‘BL—COT QA A
GSMSK 145 19.0 23.8 20.0 60.0 37.1 48.6 23.4 31.0 +7.6
MATH (Algebra) 259 28.3 20.0 48.0 48.0 43.7 43.1 40.5 38.2 —2.3
MATH (Geometry) 190 50.0 43.3 28.6 28.6 37.4 39.6 38.4 38.9 +0.5
MATH (Num. Theory) | 61 55.6 88.9 0.0 66.7 34.7 34.7 36.1 44.3 +8.2
GPQA (MC) 152 50.0 33.3 11.1 33.3 11.7 15.3 13.2 17.1 +3.9
MBPP 106 48.1 59.3 59 5.9 32 3.2 15.1 17.9 +2.8
AIME 51 0.0 0.0 10.7 7.1 41.2 41.2 19.6 176 —2.0
HLE' 306 14.0 14.0 3.8 7.1 3.0 4.0 52 7.8 +2.6

t For HLE, Very Hard problems were randomly subsampled to 100 (out of ~1,900) due to evaluation cost.

Q&A guidance from Opus helps most on Medium problems, with GSM8K showing +7.6% overall
and MATH Number Theory showing the strongest Medium improvement (55.6% to 88.9%). On
Very Hard problems where even Opus fails, Q& A provides minimal benefit.

G.2 100-Bit QA Compression (Claude 4.5)

We also evaluated QA compression with 100 yes/no questions instead of 10. Table reports
accuracy with standard deviation over 3 trials. Unlike the 10-question ablation above (which uses
the gold answer as reference), this experiment uses the LLM’s own generated solution.
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Table 22: QA Compression accuracy on non-easy problems (%, mean +std over 3 trials) comparing 10-
bit and 100-bit protocols (Claude 4.5). BL-CoT = haiku—haiku—haiku; QA = haiku—opus—haiku;
QA+ = haiku—opus—opus.

\ BL-CoT \ QA \ QA+
Dataset n|  10-bit  100-bit ~ A|  10-bit  100-bit ~ A|  10-bit  100-bit A
GSMSK 145[22.5+1.2 24.6+1.4 +2.1[26.7+0.9 30.8+0.3 +4.1]29.7+1.7 35.4+1.7 +5.7
MATH (Algebra) 259 |38.1+1.6 38.241.4 +0.1|39.1+1.0 40.0+1.9 +0.9(40.0+1.5 40.2+1.6 +0.2
MATH (Geometry) 190 |33.74+0.4 37.4+0.9 +3.7|39.6+0.5 37.241.1 —2.438.2+1.5 41.1+3.0 +2.9
MATH (Num. Theory) 61 |38.3+2.0 39.3+1.3 +1.0|43.7+4.3 41.5+0.8 —2.2|40.4£3.1 45.9+1.3 455
GPQA (MC) 152 |11.842.7 11.443.0 —0.4|13.6+0.3 13.84+0.0 +0.2|12.1+2.0 13.2+1.4 +1.1
AIME 51|18.3+1.8 17.044.6 —1.3|19.0+2.4 19.6+2.8 +0.6[22.2+1.8 16.3+1.8 —5.9
HLE 306| 54+0.6 6.1+0.6 +0.7| 6.5+0.0 59409 —0.6| 9.3+0.8 88409 —0.5
MBPP 106|18.2+1.8 19.2+0.9 +1.0|18.2+0.4 18.6+0.9 +0.4(26.1+0.4 23.6+0.0 —2.5

Table 23 shows the same comparison restricted to Medium and Hard problems only (excluding
Very Hard).

Table 23: QA Compression accuracy on Medium + Hard problems only (%, mean +std over 3 trials)
comparing 10-bit and 100-bit protocols (Claude 4.5). Excludes Very Hard problems where even
Opus fails.

\ BL-CoT \ QA | QA+
Dataset n| 10-bit  100-bit A 10-bit  100-bit Al 10-bit  100-bit A
GSM8K 110 19.142.0 21.840.7 +2.7| 23.3+1.1 27.6+£04 +44.3| 27.6+1.5 33.9+1.1 +6.3
MATH (Algebra) 85| 28.6+1.5 28.6+1.1 +0.0| 27.5+2.2 29.8+3.9 +2.3| 31.0+1.5 325406 +1.5
MATH (Geometry) 51| 28.1+1.8 37.9+3.7 +9.8| 37.3£3.2 36.64£6.1 —0.7| 37.3+1.6 46.4+5.1 +9.1
MATH (Num. Theory) 12|66.7+11.8 61.1+3.9 —5.6|72.2£15.7 55.6£7.9 —16.6|63.9+15.7 75.0+6.8 +11.1
GPQA (MC) 15(40.0£14.4 33.3+54 —6.7|40.04+14.4 400454 +0.0| 31.1£6.3 42.2+46.3 +11.1
AIME 34| 108+1.4 7.8450 —-3.0| 69+14 98437 +29| 98+£14 69428 —2.9
HLE 206| 6.540.6 7.6+1.4 +1.1| 79406 7.6+1.4 —03| 13.1+14 11.7404 —14
MBPP 44| 36.4+1.9 424421 +6.0| 379428 35.6+3.9 —2.3| 51.5+2.8 43.94+28 —7.6

G.3 Claude 3.5/4 Model Family Results
Table [24 shows Q&A compression results using the older Claude 3.5/4 model family.

Table 24: Recovery rate (%) on problems where Haiku initially fails (Claude 3.5/4). BL-CoT = Bit-
Limited Chain-of-Thought (haiku—haiku—haiku, self-refinement baseline); QA = QA Compression
(haiku—opus—haiku, knowledge transfer). A = QA — BL-CoT. Bold indicates the highest value in
each row (excluding A).

‘ ‘ Medium ‘ Hard ‘ Very Hard ‘ All Non-Easy
Dataset ‘ n‘BL—CoT QA A‘BL—COT QA A‘BL—COT QA A‘BL—COT QA A
GSMSK 109 30.0 50.0 +20.0 20.0 0.0 —20.0 52.3 455 —6.8 38.5 45.9 +7.4
MATH (Algebra) 342 29.5 32.0 +2.5 50.0 41.7 —8.3 52.4 495 —2.9 44.2 430 —1.2
MATH (Geometry) 269 23.9 23.9 0.0 12.5 12.5 0.0 15.8 13.8 —2.0 19.0 17.8 —1.2
MATH (Num. Theory) | 154 43.2 46.3 +3.1 50.0 33.3 —16.7 245 245 0.0 37.0 38.3 +1.3
GPQA (MC) 156 11.1 22.2 +11.1 33.3 11.1 —22.2 12.3 11.6 —0.7 13.5 122 —1.3
MBPP 100 50.0 57.1 +7.1 20.0 20.0 0.0 12.3 99 —24 18.0 17.0 —1.0
AIME 87 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0
HLE 164 59 5.9 0.0 1.2 6.2 +5.0 2.0 4.0 +2.0 24 5.5 +3.1
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G.4 Cross-Model Validation with GPT-OSS

To validate that the QA protocol generalizes beyond Claude models, we evaluate using GPT-OSS-
120B (OpenAl et all 2025)), an open-source reasoning model, as the SLM.
We test three configurations:

e BL-CoT (g/g/g): SLM=GPT-0SS, LLM=GPT-0SS, Q=GPT-0SS. Self-refinement base-

line.
e QA (g/o/g): SLM=GPT-0SS, LLM=0pus, Q=GPT-0SS. Cross-model knowledge transfer.
e QA+ (g/o/0): SLM=GPT-0SS, LLM=Opus, Q=0Opus. Full cross-model protocol.

Problems are filtered to those where GPT-OSS initially fails but Opus succeeds, analogous to
the Medium+Hard filtering used for Haiku in the main results.

Table 25: Recovery rate (%) with GPT-OSS as SLM on non-easy problems (mean + std over 3
trials). n = number of problems where GPT-OSS initially fails.

Dataset | n | BL-COT (g/g/g) QA (g/o/s) QA+ (g/0/o)
GSMSK 59 37.3£3.7 379+ 5.6 41.8 +0.8
MATH (Algebra) 240 19.9+1.7 204+1.0 19.7£0.9
MATH (Geometry) 197 17.14+0.2 18.8 £ 1.8 24.4+0.4
MATH (Num. Theory) 64 286 +1.9 30.2+0.7 29.7+ 4.6
MBPP 88 114+ 3.2 121+14 129+1.9
AIME 83 5.6 +2.5 6.8+ 2.0 13.7+2.0
HLEf 275 5.2+0.8 74+1.1 94+0.8

T For HLE, very hard problems were randomly subsampled to 100 due to evaluation cost.

G.5 Detailed Heatmaps by Dataset (Claude 4.5)

The following figures show Q&A compression accuracy heatmaps for each dataset, with SLM fixed
to Haiku. Each heatmap shows accuracy broken down by difficulty level (Medium, Hard+Very
Hard, All Non-Easy), with rows indicating the LLM (question answerer) and columns indicating
the question-generating model (Q).

44



GSM8K (SLM=haiku)
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Figure 9: GSM8K Q&A compression accuracy (SLM=Haiku, Claude 4.5). GSM8K shows consistent

improvement from Q&A guidance, particularly on Medium problems where Opus can provide useful
feedback.

MATH_ALGEBRA (SLM=haiku)
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Figure 10: MATH Algebra Q&A compression accuracy (SLM=Haiku, Claude 4.5).
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MATH_GEOMETRY (SLM=haiku)
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Figure 11: MATH Geometry Q&A compression accuracy (SLM=Haiku, Claude 4.5).
MATH_NUMBER_THEORY (SLM=haiku)
Medium (n=9) Hard + Very Hard (n=52) All Non-Easy (n=61) 100
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Figure 12: MATH Number Theory Q&A compression accuracy (SLM=Haiku, Claude 4.5). Number
Theory shows strong improvement on Medium problems (55.6% to 88.9% with Opus guidance).
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GPQA_MC (SLM=haiku)
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Figure 13: GPQA (MC) Q&A compression accuracy (SLM=Haiku, Claude 4.5). The high proportion
of Very Hard problems limits improvement potential.

MBPP (SLM=haiku)
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Figure 14: MBPP Q&A compression accuracy (SLM=Haiku, Claude 4.5). Code generation proves
challenging for Q& A compression on Hard and Very Hard problems.
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AIME (SLM=haiku)
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Figure 15: AIME Q&A compression accuracy (SLM=Haiku, Claude 4.5). Competition math

problems show limited benefit from Q&A guidance.
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Figure 16: HLE Q&A compression accuracy (SLM=Haiku, Claude 4.5). Despite the high Very Hard
rate (89%), Q&A shows modest improvements on Hard problems.
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G.6 Detailed Heatmaps by Dataset (Claude 3.5/4)
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Figure 17: GSM8K Q&A compression accuracy (SLM=Haiku, Claude 3.5/4). Strong improvement
on Medium problems (30% to 50%).
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Figure 18: MATH Algebra Q&A compression accuracy (SLM=Haiku, Claude 3.5/4).
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MATH_GEOMETRY (SLM=haiku)
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Figure 19: MATH Geometry Q&A compression accuracy (SLM=Haiku, Claude 3.5/4).
MATH_NUMBER_THEORY (SLM=haiku)
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Figure 20: MATH Number Theory Q&A compression accuracy (SLM=Haiku, Claude 3.5/4).
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GPQA_MC (SLM=haiku)
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Figure 21: GPQA (MC) Q&A compression accuracy (SLM=Haiku, Claude 3.5/4).
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Figure 22: MBPP Q&A compression accuracy (SLM=Haiku, Claude 3.5/4).
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AIME (SLM=haiku)
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Figure 23: AIME Q&A compression accuracy (SLM=Haiku, Claude 3.5/4). The older Haiku model
achieves 0% on all non-easy AIME problems, even with Opus guidance.

HLE (SLM=haiku)
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Figure 24: HLE Q&A compression accuracy (SLM=Haiku, Claude 3.5/4). Q&A shows improvement
on Hard problems (1.2% to 6.2%).

G.7 Easy-Problem Regression Analysis

To check whether the QA protocol causes regression on problems Haiku already solves, we run the
protocol on easy problems (those where all three models (Haiku, Sonnet, Opus) answer correctly at
the baseline). Since all problems start correct, any change in accuracy is purely regression.

Table [26] reports the regression rate for three conditions: (1) Haiku re-eval, where Haiku
simply re-solves each problem with no protocol (establishing how often Haiku fails to reproduce
its own baseline answer); (2) BL-CoT, the self-refinement baseline (SLM=Haiku, LLM=Haiku);
and (3) QA, the full protocol (SLM=Haiku, LLM=Opus). Both BL-CoT and QA use the iterative
protocol with objective judge and early stopping.
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Table 26: Easy-problem regression rates (%) under different conditions. All problems start correct
(100% initial accuracy). “Regression” is the percentage of problems that become incorrect after
re-evaluation. Lower is better. TFor AIME and HLE, the high regression rates are primarily due to
Haiku’s inconsistency on these problems (see Haiku re-eval column), not the QA protocol itself.

Haiku | Iterative QA Protocol
Re-eval Regression (%)

Dataset n (%) | BL-CoT QA
GSMSK 150 — 0.7 0.0
MATH (Algebra) 150 — 8.7 7.3
MATH (Geometry) 150 — 17.3 11.3
MATH (Num. Theory) 150 — 8.0 4.7
GPQA (MC) 46 — 10.9 10.9
MBPP 150 — 1.3 0.7
AIMET 39 59.0 74.4 69.2
HLE' 30 83.3 80.0 83.3

On standard benchmarks (GSM8K, MATH, GPQA, MBPP), the QA protocol causes modest
regression: 0-17% of easy problems become incorrect, with most datasets below 10%. On these
datasets, QA regression is consistently equal to or lower than the BL-CoT self-refinement baseline,
indicating that Opus guidance does not introduce additional regression.

On frontier benchmarks (AIME and HLE), regression appears severe (69-83%), but a sanity
check reveals that this is largely an artifact of Haiku’s inconsistency rather than the QA protocol.
When Haiku simply re-solves these “easy” problems with no protocol at all, 59% of AIME and
83% of HLE problems regress. The QA protocol’s regression rates are comparable to this baseline,
confirming that the protocol does not meaningfully increase regression. Rather, the underlying
difficulty classification is unreliable for these benchmarks, where a single correct answer at baseline
does not guarantee consistent reproducibility.

G.8 Example Q&A Transcripts

The following are example transcripts from the Q&A compression protocol (SLM=Haiku, LLM=0Opus,
Q=Haiku, Claude 4.5). For each dataset, we selected an arbitrary problem where Haiku initially
answered incorrectly but produced a correct answer after 10 binary questions, with the additional
constraint that the transcript contains both “Yes” and “No” responses. The “No” answers are
typically the most informative, as they correct a flawed assumption or redirect the SLM’s reasoning.
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GSMS8K — Medium

Problem: John buys milk for 2 dollars, eggs for 3 dollars, light bulbs for 3 dollars, cups for
3 dollars, and roach traps for 4 dollars. If there is a 10% tax on all nonfood items how much
did everything cost?

Gold Answer: 16

Q1: Is milk correctly identified as a food item that should not be taxed? Yes
Q2: Are eggs correctly identified as a food item that should not be taxed? Yes
Q3: Is the categorization correct that light bulbs are a nonfood item subject to tax? Yes
Q4: Is the categorization correct that cups are a nonfood item subject to tax? Yes
Q5: Is the categorization correct that roach traps are a nonfood item subject to tax? Yes
Q6: Is the sum of all nonfood items before tax correctly calculated as $107 Yes
QT7: Is the 10% tax calculation on the $10 nonfood subtotal correctly computed as $17 Yes
Q8: Should the tax be applied to the nonfood items only, rather than to all items? Yes
Q9: Is the final total of $16 correct when adding the $5 food subtotal and the $11 taxed nonfood
subtotal? No
Q10: Does the solution correctly account for all five items that John purchased? Yes

Haiku’s initial calculation was wrong. Q9 revealed an arithmetic error in the final total, which Haiku
corrected in its revised answer.

MATH Geometry — Medium

Problem: Corner A of a rectangular piece of paper of width 8 inches is folded over so that
it coincides with point C' on the opposite side. If BC' = 5 inches, find the length in inches of
fold 1.

Gold Answer: 5v/5

Q1: Is the fold line [ the same as the line segment BC? No

Q2: When corner A is folded to point C, is the fold line the perpendicular bisector of segment AC?
Yes

Q3: Given that BA = BC =5 and B is on the top edge while A is the top-right corner, is |8 —b| =5

giving b = 3 correct? Yes
Q4: Is the height of the rectangle h = 10 inches? Yes
Q5: Is point C located at (0,6) on the left edge, making AC' = 4+/5 inches? Yes
Q6: Given coordinates A = (8,10), B = (3,10), C = (0,6), is BC = 5 inches? Yes
QT7: If the fold line BC has length 5 inches, is this the answer? No
Q8: Should we verify that BC L AC? No
Q9: Is there additional info constraining the height h to exactly 10 inches? No
Q10: Should we verify that folding A along line BC' truly maps A onto C? Yes

Haiku initially confused the fold line with segment BC. Q1 and Q7 corrected this misconception,
leading Haiku to compute the correct fold length.
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MBPP — Medium

Problem: Write a function to find the maximum difference between available pairs in the
given tuple list.

Q1: Should the maximum difference be calculated between the largest and smallest values found

anywhere across all tuples? No
Q2: Does “available pairs” mean we should only consider pairs of values within the same tuple? Yes
Q3: Should the function return 0 when the input list is empty? Yes
Q4: If a tuple contains only a single value, should that tuple be ignored? Yes
Q5: Are we guaranteed that all elements in the tuples are numeric values? Yes
Q6: Should the function handle negative numbers correctly? Yes
Q7: Does “maximum difference between pairs” require finding the difference for every possible pair
combination? No
Q8: If the tuple list contains empty tuples, should the function still work? Yes
Q9: Should the function consider the absolute difference rather than signed differences? Yes
Q10: Is it acceptable to flatten all values from all tuples into a single list? Yes

Q1 corrected Haiku’s initial interpretation of “available pairs”; differences should be computed within
each tuple, not across all tuples.

AIME — Hard

Problem: Find the number of cubic polynomials p(z) = 2% + az? + bz + ¢, where a, b, c €
{—20,...,20}, such that there is a unique integer m # 2 with p(m) = p(2).

Gold Answer: 738

Q1: Is the factorization (m — 2)[m? + (2 + a)m + (4 + 2a + b)] = 0 correct? Yes
Q2: Should we assume p(m) = p(2) is the complete condition? Yes
Q3: Is it correct that g(m) = m? + (2 4+ a)m + (4 + 2a + b) = 0 must have exactly one integer
solution? Yes
Q4: For discriminant = 0, is a being even necessary and sufficient for the double root to be an
integer? Yes
Q5: Should roughly 12 even values of a lead to valid b € [—20, 20]? Yes
Q6: Should Case 2 include quadratics with two distinct real roots but only one integer root? Yes
Q7: Does Case 2 also need to account for quadratics with no real roots? Yes
Q8: For each valid (a, b) pair, is ¢ free to vary over all 41 values in {—20,...,20}? No
Q9: Is the answer (# valid (a, b) pairs) x 417 No
Q10: Should the solution verify a concrete example (e.g., a = 0,b = —3)? Yes

Q8 and Q9 corrected a critical error: Haiku assumed ¢ was free to vary independently, but the condition
p(m) = p(2) constrains ¢ through p(2) = 8 + 4a + 2b + c.
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HLE — Medium

Problem: Let X be the moduli space of nondegenerate lattices in R? with unit area.
Compute Hi(X,Z).

Gold Answer: Z

Q1: Is X correctly identified as GL2(R)"/GL2(Z)? No
Q2: Does the space of unit-area lattices have two connected components (det = 41)? No
Q3: Does the Iwasawa decomposition SO(2) - A - N apply, with A - N contractible? Yes
Q4: Is X homotopy equivalent to H/PSLy(Z)? Yes
Q5: Is H/PSL(Z) a non-compact space that deformation retracts onto a circle? Yes
Q6: Are the singular orbifold points at i (order 2) and p = e>™/3 (order 3) correctly identified? Yes
Q7: Does non-compactness contribute a generator to H; from wrapping around the cusp? No
Q8: Is H,(X,Z) = Z consistent with X ~ S'? Yes
Q9: Should we verify the quotient doesn’t introduce torsion or additional generators? Yes
Q10: Is it necessary to distinguish oriented vs. unoriented lattices? Yes

Q1 and Q2 rejected Haiku’s initial identification of the moduli space, and Q7 corrected a wrong claim
about the cusp. After these corrections, Haiku correctly identified X ~ H/PSLy(Z) ~ S* and computed
H,=7.
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