
Dynamic decomposition 
Improves Inference 

Scaling (DISC)
Domain agnostic, step-by-step decomposition of LLM reasoning



Why is search important?

u Influential in achieving 
superhuman 
performance for 
AlphaGo

u Instead of following just 
one chain of thought, 
the model can try 
several reasoning paths 
to find better answers

“The two methods that seem to scale arbitrarily […] are search and 
learning”

-- Richard Sutton



Key research question
How do you conduct search over reasoning traces for LLMs?



Example tree search

Let

there the

be lengthcontain width

Calculate the maximum area of a rectangle with perimeter 24 

Search requires partitioning a solution into steps

The search tree quickly becomes intractable as both the branching factor 
(~100K tokens) and depth (>1K tokens) explode in the language space



Solution

u Search across sequences 
of tokens (i.e., reasoning 
“steps”) 

u Break down into steps 
that tailored for the LLM 
reasoning

u Spend more compute 
searching over more 
“difficult” steps



DISC Algorithm

uDynamically 
proposes step 
sizes

uUses feedback 
from the LLM 
generations to 
guide step 
decomposition



Example DISC decomposition

u “Which” is a keyword for 
LLM reasoning!



DISC seeks to 
maximize 
probability of 
sampling correct 
trajectory
Instead of maximizing average reward 
or minimizing cumulative regret like 
traditional UCB

Figure 3: DISC with Greedy Search. One iteration of Alg. 1. We start with a base prefix A and a
candidate prefix B. We compare the sample statistics of each by evaluating a scoring function (e.g.,
z-score). If the candidate prefix B demonstrates a higher likelihood of reward improvement compared
to continuing from base prefix A, we accept B, commit it as the new base, and extend the candidate
to a further step (e.g., BD) on the best sampled solution. If B is not better, we reject it and propose a
shorter candidate (e.g., AC), contracting the step size. This process repeats until a new candidate is
accepted or all options are exhausted. The algorithm thus adaptively advances or contracts the step
size and search horizon based on the relative quality of completions from each prefix.

composed of several such accepted steps. Fig.2 shows how the prefix is incrementally constructed: it
displays the number of steps DISC has committed to the prefix, and how the prefix used for sampling
dynamically changes over time. Together, these figures highlight the local step-wise decision-making
and the global trajectory of prefix refinement throughout the search.
Assumptions. DISC makes minimal, broadly applicable assumptions, enabling generality and ease
of deployment. It avoids handcrafted prompts, process-level reward models, and domain-specific
heuristics. Its only requirement is access to a scalar outcome reward model (ORM) to guide search. In
the absence of a ground-truth ORM, self-supervised signals—like LLM critiques or unit tests—serve
as effective substitutes [30, 31, 32]. It also assumes the underlying policy ω can generate continuations
from any prefix p, a standard feature of decoder-only language models.

3.2 DISC with Greedy Search Algorithm
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Figure 4: Reward distribution of rollouts
sampled from two different prefixes. The
probability of sampling a higher rollout from
prefix 2 is higher than that of prefix 1.

We now describe Alg. 1. The algorithm takes as input an
LLM ω, a reward model R, prompt x, initial partition frac-
tion ε0, threshold ϑ, and sample budget N . It initializes
the base prefix as pb = x and sets ε = ε0.

At each iteration, the algorithm samples ω from pb to gen-
erate completions yi = pb · si, computing rewards R(yi).
Sampling stops when the cumulative reward exceeds ϑ:
M = min{m → Z>0 |

∑m
i=1 R(yi) ↑ ϑ}. This balances

sample quantity and quality. The solutions and their re-
wards are stored in Y , and the best suffix s→ and z-score
are computed.

A candidate prefix pc is then formed by appending the first
ε fraction (token-wise) of s→ to pb. It is accepted if its
reward z-score zc is lower than the current zb. Assuming
rewards follow a location-scale family distribution (e.g.,
Gaussian), a lower z-score implies a higher probability
of improvement, since Pr(R > maxs↑Sb,c(R(s)) = 1↓
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DISC performance
5-10% accuracy gains over baseline across code and math benchmarks at almost every 

compute budget. Better test-time scaling



4x gain on Llama with just 10 solutions
33% relative improvement vs DeepSeek-R1 base 

model at same budget!



DISC works also works with noisy self-
generated validation tests

operations such as candidate management, z-score normalization, and recursive branching. Despite
its dynamic control flow, DISC maintains a runtime composition nearly identical to that of methods
like BoN and LineSplit. Moreover, because DISC achieves higher success rates with fewer tokens
(Fig. 5), its effective runtime per correct solution is even lower. In practice, this makes DISC both
algorithmically efficient and computationally scalable, offering improved search performance without
additional inference cost. We provide a detailed runtime discussion in App. D.6.

Figure 7: Percentage of runtime spent on overhead vs LLM token generation. DISC does not
increase the runtime overhead significantly.

Figure 8: Comparison of Pass@k performance on APPS using gpt-4o-mini. (Left) self generated
validation tests, (Middle) with ground truth tests, (Right) with different search methods.

Self-Generated Validation. We further evaluate DISC in a self-generated validation setting, where
ground-truth reward models or curated tests are unavailable [30, 40, 41]. Here, the LLM generates its
own unit tests from the problem description, which serve as a proxy reward model for evaluating
candidate solutions. This setup offers a scalable alternative to costly manual test curation in real-
world code generation tasks.

As shown in Fig. 8, DISC scales effectively under this protocol, achieving a 54% relative improve-
ment over the base model. This demonstrates that DISC leverages decomposition-based reasoning
to produce higher-quality code even when supervision is noisy or incomplete.

However, self-generated validation has limitations: generated tests may be incomplete, inconsistent,
or narrow in coverage, potentially biasing performance estimates. While these issues do not affect
the observed scaling trends, improving test reliability and robustness remains an important direction.
Additional details and results are provided in App. D.3.

Search. We demonstrate that search strategies such as MCTS and beam search can be naturally
integrated with DISC using the approach described in Sec. 3.4. As shown in Fig. 46, greedy search
tends to explore deeper partitions within the same search budget due to its myopic nature, while
MCTS and beam search explore more diverse but shallower paths. Despite similar depth, MCTS
outperforms beam search by allocating its search budget more strategically—focusing exploration on
more promising candidates—resulting in superior overall performance, as seen in Fig. 8. Furthermore,
unlike greedy search, which irrevocably commits to prefixes as they are accepted, MCTS maintains
flexibility by exploring committing multiple candidate prefixes in parallel. Additional details and
analysis are provided in App. F.

4.2 Ablation Studies

Temperature. Typically, inference scaling methods achieve optimal performance at temperatures
around 0.6–0.8, as increased temperature promotes sample diversity [42]. Surprisingly, however,
DISC performs better at lower temperatures, as shown in Fig. 9. This trend is in stark contrast to
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Decreasing temperature improves DISC 
performance!

Figure 9: Ablation study of DISC on APPS with gpt-4o-mini. (Left) Effect of temperature: unlike BoN and
other inference scaling methods, DISC achieves higher performance at lower temperatures. (Middle) effect of
acceptance method (Right). Effect of partition fraction ω0: The range 0.15 → ω0 → 0.25 appears optimal.

BoN (Fig. 16), where higher temperatures are generally beneficial. We believe this phenomenon
arises because DISC depends on estimating the z-score at each step using sample statistics. Lower
temperatures reduce sample variance, leading to more reliable estimates, which in turn improves
step selection. This is further supported by Fig. 14, which shows that lower temperatures yield
lower standard deviations per step, indicating increased sampling consistency. Additional details and
analyses can be found in App. C.1.

Acceptance Method. We perform an ablation study to evaluate whether using the z-score is an
effective criterion for accepting candidate prefixes. Specifically, we compare our standard z-score-
based acceptance method, DISC-Z, against four alternative baselines: DISC-R, which accepts
candidates uniformly at random; DISC-Q, which accepts if the candidate prefix has a lower mean
value; DISC-negQ, which accepts if the candidate has a higher mean; and DISC-negZ, which accepts
if the candidate has a higher z-score (rather than a lower one). As shown in Fig. 9, the choice of
acceptance criterion substantially influences performance. Among all methods, DISC-Z achieves the
highest performance, while DISC-negZ performs worse than random selection, underscoring the
importance of prioritizing candidates with a higher probability of improvement. Additional details
and analysis are in App. C.2.

Partition Fraction ω0. As shown in Fig. 9 and Fig. 25, performance is highest when the partition
fraction lies in the range 0.15 → ω0 → 0.25. Smaller values of ω0 generally yield better results
because they lead to more conservative proposals—i.e., shorter candidate prefixes. This conservatism
is beneficial due to the high cost of prematurely committing to a suboptimal prefix: once a candidate
prefix is accepted (in greedy-DISC), it becomes fixed and cannot be revised. By keeping candidate
prefixes short, the algorithm retains more flexibility to correct course in future steps. Additional
analysis is provided in App. C.4.

4.3 Analysis and Interpretation

Figure 10: Analysis of decomposition methods. Dotted lines fit a linear model to indicate the trend.
(Left) Average reward per step: From step 3 onward, higher step counts strongly correlate with
increased average reward, demonstrating the effectiveness of decomposition. The dip between steps 1
and 3 likely occurs because simple problems are solved early, preventing further search. (Middle)
Standard deviation of rewards per step: Decomposition reduces sampling variance, improving
precision at deeper search depths. (Right) Frequency of the number of partition steps that the search
algorithm committed to the prefix during the search process.
Our results strongly suggest that decomposition—whether line-based, token-based, or DISC —con-
sistently improves sample quality. Fig. 10 (left and middle) shows how the mean and variance of
sampled rewards evolve with the step number, i.e., the number of steps committed to the prefix
during search. As the step number increases, the mean reward improves, indicating that longer
committed prefixes lead to higher-quality solutions. At the same time, the variance of rewards
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Proof of optimality of DISC



Conclusion

u Search can greatly improve LLM problem-solving capabilities

u To conduct search effectively we need to break reasoning traces into 
steps

u Using DISC to tailor step sizes for LLM reasoning greatly improves 
performance on coding and math

u DISC is provably better than common test-time methods such as BoN

u For more information, check out our website:
https://disc-search.github.io/

https://disc-search.github.io/

