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Abstract

Recent advances in large language models
(LLMs) have given rise to large reasoning mod-
els that achieve strong performance through
explicit multi-step reasoning. However, mod-
els often generate long reasoning chains even
for simple inputs. We present Difficulty-Aware
Long-to-Short LLM Reasoning with Model
Merging (DALSA), an inference-time frame-
work that adaptively controls reasoning depth
based on input difficulty. DALSA integrates
(i) representation-based difficulty estimation,
which predicts a soft failure-rate score from
the prompt hidden state, and (ii) difficulty-
aware model merging, which uses a quantile-
remapped score to modulate the interpolation
coefficient between short- and long-reasoning
models. DALSA trains a lightweight probe
while keeping both LLMs frozen. On mathe-
matical benchmarks with the evaluated Qwen
pairs, the accuracy–length trade-off depends on
scale: at 7B, DALSA preserves static ACM-TA
average accuracy (66.60% vs. 66.61%) while
reducing average response length by 22.35%;
at 1.5B, it improves average accuracy from
56.75% to 58.24% with a 2.27% length in-
crease. Additional merging baselines, routing-
threshold and merge-range sweeps, and compo-
nent ablations show sensitivity to the operating
configuration. Domain-matched commonsense
and Llama-family diagnostics do not establish
broader efficiency gains, limiting the primary
empirical claim to the evaluated Qwen mathe-
matical setting.

1 Introduction

Recent advances in large language models (LLMs),
particularly through techniques such as Chain-of-
Thought (CoT) prompting (Wei et al., 2022), have
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substantially enhanced their reasoning capabilities
(Yao et al., 2023). In domains such as complex
mathematical problem solving and logical infer-
ence, these models now perform explicit multi-step
reasoning, yielding marked improvements in accu-
racy over prior approaches. These developments
have given rise to so-called large reasoning mod-
els, which enable LLMs to solve classes of prob-
lems that were previously beyond the reach of con-
ventional architectures, significantly expanding the
scope of AI problem-solving.

p∅(x) = p∅(Hard | x)

λdyn(x) = λmin + (λmax – λmin) ⋅p∅(x) 

𝜃𝜃merged
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Figure 1: DALSA Highlight. DALSA converts the es-
timated difficulty score into an instance-specific merge
strength. The final merged parameters combine the
short-reasoning base, cached long-reasoning delta, and
cached layer-consensus factor. In the schematic, the
difficulty label pϕ(Hard | x) denotes the remapped soft-
failure score p̃ϕ(x) used here, rather than a calibrated
hard-label probability.

However, these gains in reasoning performance
come at a substantial cost: inefficiency. Existing
reasoning models typically generate long inference
chains regardless of problem difficulty. As a result,
even trivial instances incur excessive reasoning,
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leading to unnecessary computational overhead and
increased latency. Addressing this inefficiency—
while preserving the benefits of extended reason-
ing for genuinely hard problems—has therefore
become a central challenge for deploying large rea-
soning models in practice.

To mitigate this inefficiency, Long-to-Short
(L2S) reasoning has become an active area of re-
search (Luo et al., 2025a; Wu et al., 2025a). As
summarized in recent surveys (Yue et al., 2025;
Feng et al., 2025; Qu et al., 2025; Sui et al., 2025),
the majority of existing approaches adopt single-
model solutions that regulate reasoning length
through early stopping, reasoning compression,
prompt engineering, or reinforcement learning–
based adaptive control. While effective to some ex-
tent, these methods operate within a single-model
paradigm and often incur additional training or in-
ference overhead. More recent work has explored
multi-model strategies that combine complemen-
tary reasoning capabilities. Such approaches are
commonly realized through routing mechanisms,
speculative decoding, or parameter-space model
merging (Wu et al., 2025a; Hu et al., 2025; Jin
et al., 2025). We argue that model merging is partic-
ularly well suited for the L2S setting: fast and slow
reasoning can be naturally interpreted as distinct
but complementary abilities learned under different
objectives, and merging provides a direct means of
integrating these abilities without retraining. De-
spite this promise, most existing merging-based
L2S methods rely on a static merging strategy, ap-
plying a fixed coefficient (λ) uniformly to all inputs.
In contrast, activation-guided consensus merging
has shown that inference behavior can be modu-
lated by exploiting layer-wise interactions through
task arithmetic, suggesting a pathway toward more
adaptive reasoning control (Yao et al., 2025).

Inspired by activation-guided consensus merg-
ing (Yao et al., 2025) and recent advances in
difficulty estimation for Long-to-Short reasoning,
we introduce Difficulty-Aware Long-to-Short LLM
Reasoning with Model Merging (DALSA)1, an
inference-time framework that dynamically con-
trols reasoning depth through adaptive model merg-
ing. DALSA operates in two stages. First, it per-
forms representation-based difficulty estimation
by analyzing the LLM’s initial hidden state to pre-
dict a soft failure-rate score for an input prompt.
Second, it conducts difficulty-aware model merg-

1Code: https://github.com/mindw96/DALSA.

ing, where the predicted difficulty directly parame-
terizes the interpolation coefficient (λ) in task arith-
metic merging. This design selectively emphasizes
short-reasoning behavior for easy instances while
progressively incorporating long-reasoning capabil-
ities as problem difficulty increases. This enables
instance-level control over inference length with-
out updating either LLM; only the lightweight dif-
ficulty probe is trained. Figure 1 summarizes this
central mechanism: the predicted difficulty score is
quantile-remapped and converted into an instance-
specific merge strength λdyn(x), which scales the
cached long-reasoning delta during dynamic merg-
ing.

On the evaluated Qwen mathematical bench-
mark suite, DALSA at 7B matches the static
ACM-TA baseline in average accuracy (66.60% vs.
66.61%) while reducing average response length
from 2,589.90 to 2,011.09 tokens, a 22.35% re-
duction. On GSM8K and MATH500, DALSA
improves both accuracy and response length over
static ACM-TA, suggesting that instance-adaptive
model merging can reduce unnecessary computa-
tion while preserving the benefits of long-reasoning
behavior when it is useful. At 1.5B, DALSA in-
stead improves average accuracy from 56.75% to
58.24% with a 2.27% increase in response length.
We also evaluate a same-probe Simple Routing
baseline and extend the comparison with routing-
threshold sweeps, merge-range sweeps, additional
merging operators, and separate component abla-
tions. These results show configuration-dependent
accuracy–length trade-offs. Because routing and
merging use different prompt protocols, their com-
parison does not isolate interpolation alone. Non-
mathematical and Llama-family diagnostics do not
establish broader efficiency gains; our primary em-
pirical claim is therefore limited to mathematical
reasoning on the evaluated Qwen pairs.

2 Related Works

2.1 Difficulty Estimation

Accurate difficulty estimation is crucial for efficient
resource allocation. Sampling-based approaches
use repeated generations for consistency estimation
or compute allocation (Wang et al., 2023; Snell
et al., 2025), but incur costs from repeated gen-
eration. Evidence-based uncertainty estimation
can instead use token logits without multiple sam-
pling (Ma et al., 2025). Auxiliary approaches use
dedicated question-difficulty predictors (Venktesh
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et al., 2022), while performance-based approaches
use historical outcomes to estimate difficulty for
reinforcement-learning data selection (Kong et al.,
2025).

2.2 Long-to-Short Reasoning Frameworks

To reconcile the depth of System 2 reasoning (Zi-
abari et al., 2025; Wei et al., 2022; Madaan et al.,
2023) with the efficiency of System 1, Long-to-
Short frameworks compress reasoning processes
(Luo et al., 2025a; Zhang et al., 2025). Model merg-
ing offers a training-free alternative (Yang et al.,
2025). Recent adaptive reasoning approaches dy-
namically modulate thinking depth based on in-
stance difficulty. These include adaptive reasoning-
mode selection (LHRMs) (Jiang et al., 2025), bi-
level preference optimization (Ada-R1) (Luo et al.,
2025b), and difficulty- or certainty-aware CoT
adaptation techniques such as DAST (Shen et al.,
2025), CAR (Lu et al., 2025), AdaCtrl (Huang
et al., 2025b), Thinkless (Fang et al., 2025), Ada-
CoT (Lou et al., 2025), and ARM (Wu et al.,
2025b). DALSA differs from hard model switch-
ing by using the difficulty signal to modulate a
parameter-space merge rather than selecting a sin-
gle model. Furthermore, reinforcement learning-
based methods have been introduced for adaptive
reasoning and budget control, including ACPO
(Cheng et al., 2025b), LASER (Liu et al., 2025),
HAPO (Huang et al., 2025a), and SelfBudgeter (Li
et al., 2025).

2.3 Activation-Aware Model Merging

Model merging combines base and fine-tuned pa-
rameters (Ilharco et al., 2023; Yang et al., 2025).
Advanced techniques address interference and re-
dundancy through task arithmetic (Ilharco et al.,
2023), task-vector geometry (Cheng et al., 2025a),
sign resolution (TIES) (Yadav et al., 2023), ran-
dom dropping (DARE) (Yu et al., 2024), and
magnitude-based sampling (DELLA) (Deep et al.,
2024). Activation-guided merging further refines
coefficients using activation statistics or geometry
(Yao et al., 2025; Nobari et al., 2025). However,
these methods typically apply a static merge config-
uration across inputs. We extend this by proposing
dynamic, instance-level merging driven by real-
time difficulty estimates, aligning with emerging
test-time compute scaling strategies (Snell et al.,
2025; Bi et al., 2025; Zhu et al., 2025a; Light et al.,
2025).

3 Methodology

Figure 2 summarizes DALSA: offline calibration
caches the task-vector delta and layer-consensus
factors; before generation, a prompt-state probe
predicts difficulty, which controls the cached
delta’s contribution to the merged model.

3.1 Difficulty Estimation
DALSA estimates input difficulty before gener-
ation, using only the final hidden state of the
prompt. This follows the central observation
of prior representation-based difficulty estimation
work (Zhu et al., 2025b): the initial state already
contains useful information about whether an input
is likely to require extended reasoning. Unlike Tem-
poral Difference (TD) value estimation, however,
our estimator does not train over full generation
trajectories. This avoids storing token-level hidden
states and performing token-level bootstrapping
over long reasoning trajectories.

Let Mshort denote the short-reasoning model.
Given an input x, we run a forward pass over the
prompt and extract the final prompt-token hidden
representation h0(x) ∈ Rdmodel . We then train a
lightweight probe fϕ to map h0(x) to a continuous
difficulty score. In our final DALSA controller, this
probe is a linear model followed by a sigmoid:

pϕ(x) = σ(w⊤h0(x) + b), (1)

where pϕ(x) ∈ [0, 1] is interpreted as a soft failure-
rate estimate rather than a hard routing decision.

Soft-Failure Target For each calibration input
x, we run the short model K times (K = 3 in
the main experiments) and record the number of
correct rollouts c(x). Rather than collapsing this
signal into only an easy/hard label, we define a
soft-failure target:

ysf(x) = 1− c(x)

K
. (2)

Thus, examples that are solved consistently receive
scores near zero, examples that fail consistently
receive scores near one, and partially solved ex-
amples retain intermediate information. The final
probe is trained with a sigmoid-MSE objective:

Lsf = Ex∼Dprobe
(pϕ(x)− ysf(x))

2 . (3)

This differs from our earlier hard-label binary
classifier. In preliminary ablations, hard-BCE train-
ing produced a usable hard/easy ranking but in-
flated the absolute hardness scale, which in turn
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Figure 2: Overview of DALSA. DALSA predicts input difficulty from the final prompt hidden state and combines
the predicted merge strength with layer-wise activation-consensus factors and task vectors precomputed offline. In
the schematic, the difficulty label pϕ(Hard | x) denotes the remapped soft-failure score p̃ϕ(x) used here, rather
than a calibrated hard-label probability.

pushed many examples to large λ values and in-
creased generated length. Soft-failure regression
provides a better calibrated continuous controller
for DALSA. Appendix tables report historical held-
out and downstream comparisons of hard-label lin-
ear and residual-MLP probes; these are distinct
from the final soft-failure controller.

Quantile Remapping The raw soft-failure score
is not used directly as the merge coefficient be-
cause its scale can be compressed when the probe
is trained on relatively easy calibration data. We
therefore remap pϕ(x) using score quantiles com-
puted on the GSM8K training-split reference set:

p̃ϕ(x) = clip

(︃
pϕ(x)−Q0.05

Q0.95 −Q0.05
, 0, 1

)︃
, (4)

where Q0.05 and Q0.95 are the 5th and 95th per-
centiles of the reference scores. This remapped
score is the continuous difficulty signal used by the
dynamic merging rule below.

3.2 Difficulty-Aware Activation Consensus
Merging

Difficulty-Aware Activation Consensus Merging
(DACM) combines predicted difficulty with cached
layer-consensus factors (Stages 2 and 3 in Figure 2).
Following Activation-Guided Consensus Merging

(ACM), we treat the Short Reasoning Model (SRM)
as the base model and represent the Long Reason-
ing Model (LRM) as a task vector relative to this
base:

∆θl = θllong − θlshort. (5)

All main static-merging and DALSA experiments
use this short-base formulation; the appendix re-
ports a separate long-base diagnostic.

3.2.1 Offline Calibration via Activation
Consensus

The indiscriminate merging of two models may
result in performance degradation due to inter-
ference within the parameter space. To address
this issue, we emphasize layers exhibiting signifi-
cant informational discrepancies between the short
model (θshort) and the long model (θlong), utilizing
Activation-Guided Consensus Merging (ACM). We
collect the activation distributions for each layer l
of both models using a small calibration dataset, de-
noted as Dcalib (e.g., simplescaling/s1K (Muen-
nighoff et al., 2025)). Using the short model’s
tokenizer for both models, we quantify their simi-
larity by calculating the Mutual Information (MI)
between the output features of each layer. For each
calibrated module, we cluster its prompt-activation
vectors across calibration examples separately for
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the short and long models, then compute mutual
information between the two cluster assignments.
We average these module-level values within each
layer to obtain MIl, the calibration-set statistic sum-
marized in Figure 2. A high mutual information
value indicates that the two models are processing
similar information at this layer (i.e., exhibiting
high consensus), thereby diminishing the neces-
sity for merging. Conversely, a low value indicates
distinct roles for the two models, thereby necessitat-
ing the incorporation of the long model’s inference
capabilities. To quantify this, we calculate a layer-
wise consensus factor tl as follows:

tl = σ

(︃
β

(︃
MIl −max

j
MIj

)︃)︃
, (6)

where β > 0 controls the sigmoid scale and the
maximum is taken across calibrated layers. This
implementation gives 0 < tl ≤ 0.5 for calibrated
layers; a larger value indicates greater relative con-
sensus. During the merging process, we multi-
ply by the term (1− tl), thereby assigning greater
weight to layers exhibiting low consensus (i.e., sig-
nificant discrepancies).

3.2.2 Dynamic Merging
With the offline consensus factors fixed, we map
the remapped difficulty score to an input-specific
merge strength:

λdyn(x) = λmin + (λmax − λmin)p̃ϕ(x), (7)

where the main DALSA setting uses λmin = 0.1
and λmax = 0.7. The upper bound matches the
fixed ACM-TA coefficient, while the lower bound
is an engineering default retaining a nonzero long-
model delta. These bounds are reference settings,
not held-out-selected optima; Appendix B.2 reports
their sensitivity. Thus, harder inputs receive a larger
contribution from the long-reasoning model, while
easier inputs remain closer to the short-reasoning
model. For efficient vLLM inference, we instanti-
ate this continuous rule with a small set of reusable
merge buckets, assigning each example to the near-
est value in {0.1, 0.2, . . . , 0.7}.

For the Simple Routing baseline, we reuse the
same remapped score p̃ϕ(x) but replace parameter-
space merging with hard model selection: exam-
ples below a threshold of 0.5 are sent to the short
model, and the remaining examples are sent to the
long model. This baseline shares the difficulty sig-
nal with DALSA, but its native endpoint prompts

differ from the shared merged-model prompt; the
comparison therefore evaluates the complete infer-
ence protocols.

Ultimately, the parameters θlmerged for layer l
are updated according to the following equation:

Sl(x) = (1− tl) · λdyn(x)⏞ ⏟⏟ ⏞
Effective Scale

(8)

θlmerged(x) = θlshort + Sl(x) ·∆θl (9)

At λ = 0, the formula recovers the short base.
At λ = 1, the layer factor (1 − tl) remains, so
the formula does not generally recover the native
long model. The factor (1− tl) up-weights lower-
consensus layers rather than selecting a subset of
layers; λdyn(x) controls the overall contribution
according to predicted difficulty.

4 Experiments

4.1 Experimental Setup
To validate the proposed DALSA framework, we
employ six mathematical test sets grouped into four
benchmark families characterized by varying levels
of difficulty:

• GSM8K (Cobbe et al., 2021): This dataset
consists of mathematics problems at the el-
ementary school level that require relatively
straightforward reasoning.

• MATH500 (Hendrycks et al., 2021): Com-
prising 500 problems selected from the larger
MATH dataset, MATH500 addresses more
complex and diverse mathematical concepts
than GSM8K.

• AMC23: We include math-ai/amc23 as
an intermediate contest-style benchmark be-
tween MATH500 and AIME-level problems.

• American Invitational Mathematics Ex-
amination 2024–2026 (AIME24–26): We
use the 30-problem math-ai/aime24,
math-ai/aime25, and math-ai/aime26
test sets to evaluate highly challenging
Olympiad-level reasoning.

We evaluate two matched Qwen/DeepSeek model
pairs: Qwen-2.5-Math-1.5B-Instruct and Qwen-
2.5-Math-7B-Instruct (Yang et al., 2024) with
DeepSeek-R1-Distill-Qwen-1.5B and DeepSeek-
R1-Distill-Qwen-7B (Guo et al., 2025). The fol-
lowing systems serve as comparative baselines:
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• Short Reasoning Model: Qwen-2.5-Math-
1.5B-Instruct or Qwen-2.5-Math-7B-Instruct,
depending on the scale. This model is dis-
tinguished by its capacity to produce concise
responses and demonstrate essential mathe-
matical abilities.

• Long Reasoning Model: DeepSeek-R1-
Distill-Qwen-1.5B or DeepSeek-R1-Distill-
Qwen-7B, depending on the scale. This model
is specialized in addressing complex problems
through prolonged Chain-of-Thought (CoT)
reasoning.

• Simple Routing: This non-merging baseline
uses the same linear soft-failure regression
score and GSM8K-H0 quantile remapping as
DALSA, then sends examples with remapped
difficulty below 0.5 to the short model and the
remaining examples to the long model.

• Static Merging (ACM-TA Baseline Model):
This model uses the Short Reasoning Model
as the base and adds the task vector θlong −
θshort with a fixed merging ratio of λ = 0.7,
regardless of the dataset or problem complex-
ity, following ACM.

Evaluation Metrics: Model performance was eval-
uated using accuracy, whereas efficiency was mea-
sured by the average number of tokens in the gen-
erated responses (Avg. Response Length). These
token counts do not measure end-to-end latency or
include offline calibration and merge construction.
Native endpoints and routing use native prompts;
merged models use a shared prompt. Main and
additional diagnostic runs are reported separately,
with their settings detailed in Appendix A and Ap-
pendix B.

DALSA Controller The main DALSA setting
uses the linear soft-failure probe described in Sec-
tion 3 and applies quantile remapping to convert
the raw probe score into a merge-strength range
of λ ∈ [0.1, 0.7]. To make inference practical
with vLLM (Kwon et al., 2023), examples are
assigned to the nearest reusable merge bucket
in {0.1, 0.2, . . . , 0.7} and generated in bucketed
batches. This implementation preserves the contin-
uous difficulty-aware formulation while avoiding
per-example checkpoint materialization.

5 Results

5.1 Main Results

Tables 1 and 2 display accuracy and average re-
sponse length across the main mathematical bench-
mark suite. We aggregate AIME24–26 into a sin-
gle benchmark-family column and add AMC23 as
an intermediate contest-style benchmark between
MATH500 and AIME. The DALSA rows at both
scales use the current linear soft-failure probe with
quantile-remapped bucketed merge strengths, in-
cluding the finalized 1.5B AMC23 result. The
Simple Routing rows were rerun with the same
remapped difficulty score as DALSA, but the na-
tive routing prompts and shared merging prompt
remain different. The main merging results use
a short-base formulation, which keeps DALSA
aligned with the long-to-short efficiency objective
but also inherits the short model’s 4096-token con-
text budget. On the completed 7B suite, DALSA
improves over the short model on average while
substantially reducing response length relative to
the native long-reasoning model.

5.1.1 Scale-Dependent Accuracy–Length
Trade-offs

In the 7B setting, DALSA attained an average ac-
curacy of 66.60% across the displayed benchmark
families, surpassing the Short Model average of
59.45% while using substantially fewer tokens than
the native long-reasoning model. This matches
the static ACM-TA baseline within 0.01 percent-
age points while reducing average response length
from 2,589.90 to 2,011.09 tokens. In the 1.5B set-
ting, DALSA achieves the highest method-block
average accuracy (58.24%), an increase of 1.49
percentage points over ACM-TA, with a 2.27% in-
crease in average length (2,762.98 vs. 2,701.65
tokens). Because Simple Routing uses the same
difficulty score but remains below DALSA in aver-
age accuracy at both scales (53.10% vs. 58.24% for
1.5B, and 57.22% vs. 66.60% for 7B), the systems
occupy different accuracy–length operating points.
The different prompt protocols prevent attributing
this difference solely to merging.

• Notably, on GSM8K, DALSA achieved
95.53%, improving over the Static (92.95%)
and Original Short (88.9%) models.

• Furthermore, on MATH500, DALSA
achieved a score of 85.6%, representing an
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Method GSM8K MATH500 AMC23 AIME24–26 Avg.
Acc Length Acc Length Acc Length Acc Length Acc Length

Qwen-2.5-Math-1.5B 83.02 (316.5) 62.40 (902.5) 47.50 (826.4) 10.00 (1,125.3) 50.73 (792.68)
DeepSeek-R1-Distill-Qwen-1.5B 68.69 (440.3) 78.40 (4,371.5) 67.50 (8,066.1) 25.56 (15,115.1) 60.04 (6,998.25)

Simple Routing 81.27 (355.4) 70.00 (1,713.3) 50.00 (2,785.5) 11.11 (3,730.1) 53.10 (2,146.04)
TA 71.49 (1,884.1) 65.80 (2,298.8) 37.50 (2,829.8) 7.78 (3,457.8) 45.64 (2,617.63)

ACM-TA (Baseline) 82.87 (2,460.3) 77.20 (2,835.1) 52.50 (2,535.7) 14.44 (2,975.5) 56.75 (2,701.65)
DALSA (Ours) 84.84 (2,457.5) 78.40 (2,653.2) 57.50 (2,766.2) 12.22 (3,175.0) 58.24 (2,762.98)

Table 1: Main mathematical results at 1.5B: accuracy (%) and average generated tokens (parentheses). AIME24–26
averages the three yearly test sets; Avg. averages the four displayed benchmark families. TA is full-model task
arithmetic; ACM-TA uses fixed λ = 0.7. Routing uses the same difficulty score as DALSA with threshold 0.5. Bold
marks best accuracy and shortest length within the method block.

Method GSM8K MATH500 AMC23 AIME24–26 Avg.
Acc Length Acc Length Acc Length Acc Length Acc Length

Qwen-2.5-Math-7B 88.9 (130.2) 77.80 (636.9) 60.00 (1,002.8) 11.11 (1,375.1) 59.45 (786.26)
DeepSeek-R1-Distill-Qwen-7B 85.06 (641.1) 92.40 (3,366.5) 95.00 (4,888.8) 47.78 (12,453.8) 80.06 (5,342.54)

Simple Routing 91.96 (410.2) 74.40 (1,583.2) 52.50 (2,308.2) 10.00 (2,918.7) 57.22 (1,805.06)
TA 92.65 (598.9) 84.00 (1,246.9) 70.00 (1,658.6) 17.78 (2,545.5) 66.11 (1,512.48)

ACM-TA (Baseline) 92.95 (2,072.3) 81.80 (2,588.7) 75.00 (2,789.2) 16.67 (2,909.4) 66.61 (2,589.90)
DALSA (Ours) 95.53 (974.8) 85.60 (1,805.0) 67.50 (2,581.3) 17.78 (2,683.4) 66.60 (2,011.09)

Table 2: Main mathematical results at 7B, using the metrics, averaging, and highlighting conventions of Table 1.

improvement over the Static method, which
scored 81.8%.

5.1.2 Efficiency (Response Length Reduction)
The efficiency benefits of DALSA are most visible
relative to the native long-reasoning model and the
static ACM-TA baseline.

• In the GSM8K category, DALSA generated
974.8 tokens on average in the latest 7B run
while improving accuracy over both the Static
and Original Short baselines. Compared with
the static ACM-TA baseline, DALSA also re-
duced GSM8K response length from 2,072.3
tokens.

• Comparison of Response Lengths: Across the
completed displayed 7B columns, DALSA
used 2,011.09 tokens on average, far below
the 5,342.54-token average of the native long-
reasoning model and below the 2,589.90-
token average of the static ACM-TA baseline.
This disparity suggests that adaptive merg-
ing can retain useful long-reasoning behavior
without imposing full long-form reasoning on
every problem.

5.1.3 Adaptive Reasoning Capability
A comparison of token lengths across various
datasets underscores DALSA’s capacity for dy-
namic adaptation. For example, in the 7B setting,
the token count for GSM8K was 974.8, while the

token count for the more challenging AIME24–
26 aggregate increased to 2,683.4 tokens. This
is consistent with difficulty-dependent allocation,
although aggregate lengths alone do not isolate
the effect of the controller. At the same time, the
AIME24–26 result should be read under the short-
base context constraint: many contest-style exam-
ples are assigned to high merge buckets but still
reach generation limits within the 4096-token con-
text window. Appendix Table 6 reports a long-base
diagnostic with higher AIME accuracy and longer
responses. Because it changes both the merge di-
rection and context budget, it does not isolate the
effect of context length. The default setting also
lowers AMC23 accuracy relative to ACM-TA at 7B
(67.50% vs. 75.00%) and AIME24–26 accuracy
at 1.5B (12.22% vs. 14.44%), illustrating that the
gains are not uniform.

5.2 Analysis of Difficulty Estimator

The difficulty estimator changed substantially from
the initial hard-label design. A direct hard-BCE
classifier is useful for separating easy and hard
examples, but its raw scores tend to be too large
for a length-sensitive DALSA controller. In down-
stream generation, this pushes many examples to-
ward stronger long-model interpolation and can
erase the intended efficiency gains. We therefore
use the probe as a continuous controller rather than
a binary router.

Our final DALSA setting adopts a linear soft-
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failure regression probe. The soft-failure target
preserves information from multiple rollouts, so
partially solved examples are not forced into a brit-
tle easy/hard label. Because the raw regression
score is compressed in scale, we apply quantile
remapping before converting it to λ. This combina-
tion is associated with the GSM8K and MATH500
gains in Tables 1 and 2: the controller can assign
more long-reasoning capacity where it helps, while
avoiding the overly long generations produced by a
uniformly large static merge coefficient. Appendix
tables provide the historical hard-label probe com-
parisons and downstream architecture ablations.
Separate ablations of the dynamic coefficient and
consensus factor are reported in Appendix B.3;
their benefits are not uniformly additive.

5.3 Additional Comparisons and Sensitivity

Appendix B adds TIES-style trimming, DARE,
and an approximate FIM-weighted TA proxy, full
routing-threshold and merge-range sweeps, and
component ablations. Static settings are retrospec-
tive best-of-grid diagnostics; regenerated controller
runs are kept separate from Tables 1–2. FIM-TA
at 7B achieves 66.11% accuracy with 1,104.6 to-
kens, illustrating a competitive alternative operat-
ing point rather than uniform DALSA superiority.
The range sweep is non-monotonic: in the regen-
erated 7B suite, [0.1, 0.3] gives 65.28%/1,265.3
tokens and improves both axes over all nine inte-
rior routing thresholds, but the always-short end-
point remains shorter. Removing consensus hurts
the 1.5B rerun but improves the 7B rerun; nei-
ther component has a uniformly additive benefit.
Four-generation checks reduce the apparent range-
sensitivity gap. These results motivate held-out se-
lection of the operating range and repeated evalua-
tion. The Llama-family diagnostic (Appendix B.5)
shows partial accuracy transfer but no efficiency
gain, with prompt differences limiting causal inter-
pretation.

5.4 Non-Mathematical Diagnostics

Table 3 evaluates CommonsenseQA (Talmor et al.,
2019) and ARC-Challenge (Clark et al., 2018)
with the 1.5B pair. The earlier setting already
used commonsense training data and activation
calibration, but used a residual-MLP hard-BCE
controller, raw scores, and λ ∈ [0.1, 0.5]. We re-
place its DALSA and routing rows with reruns us-
ing domain-trained linear soft-failure probes, per-
domain quantile remapping, and the main [0.1, 0.7]

range; Appendix B.4 preserves the earlier results.
The aligned reruns have nearly identical average

accuracy (DALSA 52.15%, routing 52.13%), while
DALSA uses 2.86 times as many tokens. Moreover,
85.3% of CSQA and 90.0% of ARC-C outputs
reach the generation limit. Thus, domain-matched
calibration does not establish an efficiency advan-
tage over routing. Since the probes are retrained
on commonsense data, this is not zero-shot trans-
fer. Bucket-wise accuracies are non-monotonic and
confounded by different merged checkpoints; fixed-
model validation and termination control remain
necessary.

5.5 Discussion

The results support scale-dependent accuracy–
length trade-offs on the evaluated Qwen mathe-
matical benchmarks. DALSA improves over static
ACM-TA on both axes for GSM8K and MATH500
at 7B, while contest-style results remain mixed.
The long-base diagnostic in Appendix Table 6 ob-
tains higher AIME accuracy at the cost of longer
responses and weaker performance on easier bench-
marks. Controlled evaluations that vary the context
budget while holding the merge formulation fixed
are needed to separate these effects.

6 Conclusion

This study introduces DALSA (Difficulty-Aware
Long2Short), an inference-time framework com-
bining a lightweight hidden-state difficulty probe
trained on rollout-derived soft-failure targets with
dynamic model merging guided by activation con-
sensus. On the evaluated Qwen mathematical
benchmarks, DALSA reaches nearly identical av-
erage accuracy to static ACM-TA at 7B while re-
ducing response length by 22.35%. On GSM8K
and MATH500, it improves both accuracy and re-
sponse length. At 1.5B, it improves average ac-
curacy by 1.49 percentage points with a 2.27%
length increase. Routing-threshold and merge-
range sweeps reveal configuration-dependent op-
erating points, and consensus ablations show dif-
ferent effects at the two scales. For AIME-style
problems, the current short-base implementation
frequently reaches generation limits. The long-base
diagnostic achieves higher accuracy with longer re-
sponses but changes both merge direction and con-
text budget, so it does not isolate the cause of the
gap. Domain-matched commonsense and Llama-
family diagnostics do not establish broader effi-
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method CSQA ARC-C Avg.
Acc Length Acc Length Acc Length

Qwen-2.5-Math-1.5B 41.69 (332.1) 54.10 (361.3) 47.89 (346.7)
DeepSeek-R1-Distill-Qwen-1.5B 48.57 (1,386.3) 64.08 (1,608.9) 56.32 (1,497.6)

TA 39.80 (1,614.4) 46.25 (1,551.3) 43.02 (1,582.9)
ACM-TA (original) 46.60 (1,424.7) 59.13 (1,397.0) 52.87 (1,410.8)

Simple Routing (aligned rerun) 44.88 (598.1) 59.39 (686.4) 52.13 (642.2)
DALSA (aligned rerun) 46.36 (1,794.4) 57.94 (1,879.2) 52.15 (1,836.8)

Table 3: Non-mathematical diagnostics at 1.5B: accuracy (%) and average generated tokens. The upper block
retains the original native and static results; the lower block replaces the earlier DALSA/routing rows with domain-
matched linear soft-failure reruns. CSQA uses CommonsenseQA validation; ARC-C uses ARC-Challenge test.
Routing/native models use native prompts; merged models use the shared prompt. Both rerun methods use a 2,048-
generation-token limit and 4,096-token context. Cross-block differences are not controlled same-run comparisons.

ciency gains. The strongest evidence thus supports
adaptive merging for the evaluated Qwen mathe-
matical setting, with model-family calibration, gen-
eration termination, and held-out range selection
remaining important directions.

Limitations

The current difficulty probe is calibrated from
rollout-derived soft-failure targets and remains sen-
sitive to the calibration distribution. Our strongest
empirical evidence concerns mathematical reason-
ing on the evaluated Qwen pairs; benefits depend
on model scale, merge operator, and coefficient
range. Domain-matched commonsense calibration
does not yield a favorable accuracy–length trade-
off over routing, and the Llama-family diagnostic
does not show an efficiency gain. Generation termi-
nation and family-specific calibration require fur-
ther study. Contest-style problems can be mapped
to high merge buckets while remaining constrained
by generation and context limits. The long-base di-
agnostic changes both the merge direction and con-
text budget, so it does not isolate the cause of the
AIME gap. Future work should evaluate matched
prompts and budgets across additional model fami-
lies, select merge ranges on held-out data, validate
difficulty rankings with a fixed model, and report
repeated-run uncertainty and end-to-end latency,
memory, and offline calibration costs. The current
token-count results alone do not establish deploy-
ment speedups.
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A Additional Experimental Details

A.1 Original Mathematical Evaluation
Settings

Table 4 records the decoding settings underlying
the original mathematical results. Each evaluation
uses one generation per example and seed 42. Na-
tive baselines and routing use each selected model’s
chat template; native DeepSeek generation includes
a forced <think> prefix. Merging methods use a
shared plain prompt requesting step-by-step rea-
soning and a final boxed answer. Rollout labeling,
hidden-state extraction, and difficulty scoring use
the shared short-model prompt. Response length
counts generated tokens and excludes probe scor-
ing, calibration, checkpoint materialization, and
loading costs.

The main soft-failure probes use K = 3 short-
model rollouts per GSM8K training example and
train for 30 epochs with batch size 64, learning
rate 10−4, and AdamW. The 1.5B probe uses all
7473 training examples; the 7B probe uses a strati-
fied split of 5232 training and 2241 validation ex-
amples. At both scales, inference-time quantile
remapping uses all 7473 GSM8K training-split hid-
den states as its reference, including the 7B probe-
validation partition but excluding benchmark test
examples. The recorded 1.5B activation cache uses
20 simplescaling/s1K examples, eight clusters,
and β = 1. Calibration features pool the maximum
absolute activation over prompt tokens, and mutual
information is computed between the two models’
cluster assignments across calibration examples.
The original 7B runs reuse a precomputed activa-
tion cache; its hyperparameters are not indepen-
dently preserved in the available run summaries.

A.2 Bucketed Inference and Context-Limit
Diagnostics

The main DALSA results use a short-base merge,
where the merged checkpoint starts from the short-
reasoning model and injects a controlled amount
of the long-reasoning task vector. This setting
preserves the intended long-to-short efficiency ob-
jective, but it also inherits the short model’s con-
text configuration. For the Qwen-based merged
checkpoints used in our main experiments, the con-
text limit is 4096 tokens; the maximum generated
length is 3840 tokens at 1.5B and 3072 tokens at
7B.

For efficient vLLM inference, we quantize the
continuous DALSA score into a small set of
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Figure 3: Generated-token profile for the 7B soft-
quantile DALSA setting. Each point plots benchmark-
family average generated tokens against the mean exact
λ before bucketization; marker area indicates the length-
stop rate.

reusable merge buckets. In the 7B soft-quantile
setting, the raw difficulty score pϕ(x) is first nor-
malized using the 5th and 95th percentiles of the
GSM8K train H0 reference scores and then clipped
to [0, 1]. We then map the normalized score to the
λ range [0.1, 0.7] and assign it to the nearest bucket
in {0.1, 0.2, . . . , 0.7}. This is a practical approxi-
mation of the continuous formulation that enables
batched generation; it is not intended as a separate
modeling assumption.

Table 5 shows that harder benchmark families
are increasingly assigned to upper merge buckets.
However, generation remains budget-limited: on
AIME24–26, 74 of 90 examples are assigned to the
highest bucket and 70 of 90 terminate by a length
limit. The recorded length-stop flag does not by
itself distinguish the generated-token cap from the
total context limit.

Figure 3 visualizes the same pattern. The
generated-token cost rises with the mean selected
merge strength across benchmark families. This as-
sociation is consistent with the intended difficulty
ordering, while the generation and context limits
constrain the available reasoning budget.

A.3 Long-Base Diagnostic

We additionally report an earlier diagnostic com-
paring short- and long-base merging. Both vari-
ants use the earlier hard-label probe and retain
the layer-consensus factor. The short-base vari-
ant uses θlshort+(1− tl)λ(x)(θ

l
long − θlshort), with

a 4096-token context and a 3072-token genera-
tion cap. The long-base variant uses θllong + (1−
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Scale System Max. generated Context Temp. Top-p Prompt
Both Native Qwen 3072 4096 0.0 1.0 Native
1.5B Native DeepSeek 32768 32768 0.6 0.95 Native
7B Native DeepSeek 32768 65536∗ 0.6 0.95 Native
1.5B Simple Routing 3840 4096 0.6 0.95 Native
7B Simple Routing 3072 4096 0.6 0.95 Native
1.5B TA / ACM-TA / DALSA 3840 4096 0.6 0.95 Shared
7B TA / ACM-TA / DALSA 3072 4096 0.6 0.95 Shared

Table 4: Original mathematical decoding settings. ∗The 65,536-token context is explicitly recorded for the 7B native
DeepSeek AMC23 and AIME25–26 runs; the earlier native summaries do not preserve an explicit context setting.
Native endpoints therefore provide reference operating points under different prompts and budgets, rather than a
fully controlled runtime comparison.

Dataset λ = .1 .2 .3 .4 .5 .6 .7 Length-stop Avg. tokens Acc.
GSM8K 410 374 188 91 66 44 146 23.12% 974.8 95.53
MATH500 48 86 67 44 33 32 190 49.20% 1,805.0 85.60
AMC23 0 2 5 2 3 4 24 72.50% 2,581.3 67.50
AIME24–26 1 2 2 4 1 6 74 77.78% 2,683.4 17.78

Table 5: Bucket distribution for the 7B soft-quantile DALSA setting. Bucket counts are recomputed from per-sample
outputs. Length-stop denotes the fraction of examples whose generation terminates by the length limit.

tl)λ(x)(θ
l
short − θllong), with a 32768-token con-

text and a 16384-token generation cap. For the
long-base variant, the coefficient decreases with
predicted difficulty, keeping harder inputs closer to
the long model. Both variants use buckets from 0
to 1 in steps of 0.1. This diagnostic changes the
merge base and generation budgets together, so it
does not isolate the causal effect of context length;
it also differs from the main soft-failure controller.

In Table 6, moving to a long-base checkpoint
raises AIME24–26 accuracy from 16.67% to
31.11% on average, but the five-dataset average re-
sponse length increases from 1,696.6 to 8,778.3 to-
kens and performance on GSM8K and MATH500
drops sharply. These results motivate a controlled
context-length study while illustrating the cost of
this alternative operating point.

A.4 Difficulty Probe Architecture Ablations

Table 7 reports held-out validation of earlier hard-
label probes in the 1.5B setting. These probes
use binary cross-entropy and are distinct from
the soft-failure controller used in the main results.
For each dataset, we split the original train split
into 70% probe-training and 30% validation par-
titions with stratification by the rollout-derived
hard/easy label. GSM8K uses openai/gsm8k; the
MATH500 row uses the 12,000-example train split
of ricdomolm/MATH-500, not the 500-example
evaluation set.

Table 8 reports a downstream ablation of these

earlier hard-label probe architectures in the 1.5B
DALSA setting. We separate this downstream gen-
eration result from the held-out validation metrics
above and from the main soft-failure controller.

B Additional Evaluations and Sensitivity
Analyses

The following analyses were added during the re-
view period. We distinguish the submitted main
results from the regenerated controller suite and
from retrospective best-of-grid diagnostics. Unless
stated otherwise, accuracy and generated length
are averaged equally over GSM8K, MATH500,
AMC23, and the AIME24–26 family; the latter is
first averaged over its three years. The primary ad-
ditional evaluations use one generation per prompt.
They are point estimates, not significance tests. Re-
generated results are compared within their own
suite and do not replace the submitted mathemati-
cal results in Tables 1 and 2.

B.1 Additional Merging Operators

We evaluated single-vector TIES-style magnitude
trimming (Yadav et al., 2023) with density 0.2,
DARE (Yu et al., 2024) with drop rate p =
0.5, 1/(1 − p) rescaling and mask seed 42, and
an approximate Fisher-information-weighted task-
arithmetic proxy (FIM-TA), inspired by Fisher-
weighted model merging (Matena and Raffel,
2022). With one task vector, TIES sign election
does not change the result. The FIM-TA proxy
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Variant GSM8K MATH500 AIME24 AIME25 AIME26 Avg.
Acc Length Acc Length Acc Length Acc Length Acc Length Acc Length

Short-base DALSA, λ ∈ [0, 1] 95.30 (826.6) 84.40 (1,243.5) 16.67 (2,163.8) 20.00 (2,172.4) 13.33 (2,076.8) 45.94 (1,696.6)
Long-base diagnostic, λ ∈ [0, 1] 81.27 (5,388.6) 67.00 (7,724.0) 40.00 (11,091.4) 30.00 (8,257.0) 23.33 (11,430.6) 48.32 (8,778.3)

Table 6: Earlier short-base versus long-base diagnostic in the 7B setting, using the hard-label probe. The long-base
variant has higher AIME accuracy, lower GSM8K/MATH500 accuracy, and longer responses. Merge base and
generation budgets differ jointly. Avg. is over the five displayed datasets, unlike the four-family average in the main
tables.

Dataset Probe N Hard% Pred. Hard% Acc Macro-F1 ROC-AUC
GSM8K Residual MLP 2242 11.06 17.44 77.03 53.01 57.92
GSM8K Linear Probe 2242 11.06 36.84 64.85 51.76 63.59
MATH500 Residual MLP 3600 34.78 51.64 69.36 68.79 80.76
MATH500 Linear Probe 3600 34.78 45.69 75.92 74.96 84.95

Table 7: Held-out validation of earlier hard-label probe architectures at 1.5B; these metrics do not validate the main
soft-failure controller.

estimates layer-wise weights from eight random
sequences of length 128; it is not an official FIM
implementation. All three methods use the short
model as the base. These additional diagnostics
use the same benchmark splits and shared merged-
model prompt, with temperature 0.6, top-p 0.95,
a 3,840-generation-token limit, and a 4,096-token
context window. In particular, their generation cap
differs from the original 7B merging cap of 3,072
tokens in Table 4.

Table 9 reports the most accurate tested setting
from λ ∈ {0.3, 0.5, 0.7} for each additional oper-
ator. These settings were selected retrospectively
on the reported benchmarks, not on held-out val-
idation data. None exceeds DALSA’s observed
average accuracy, but the gaps to FIM-TA are only
0.43 and 0.49 percentage points at 1.5B and 7B,
respectively, and FIM-TA generates substantially
shorter responses. These differences do not estab-
lish statistically significant superiority. At λ = 0.7,
DARE accuracy drops to 9.04% at 1.5B and 0.09%
at 7B; the cause of this sensitivity remains undeter-
mined.

We also combine the dynamic coefficient
with the FIM-weighted proxy delta, using
λdyn(x)αl∆θl in place of λdyn(x)(1 − tl)∆θl.
This variant removes the ACM factor and uses
the same approximate FIM construction. It reuses
the controller, reference hidden states, and eval-
uation settings of the regenerated ablation suite.
Table 10 shows compatibility with this additional
operator, but not operator-independent gains. At
7B, the [0.1, 0.7] FIM variant improves observed
accuracy over the same-range regenerated ACM-

based DALSA (64.34 versus 63.51) and reduces
length (1,087.3 versus 2,291.0). With [0.1, 0.9],
it instead trades lower accuracy for shorter length
(66.20/1,138.5 versus 67.87/1,975.5). The 1.5B
variants have lower accuracy than their correspond-
ing ACM-based variants. The static FIM-TA re-
sults in Table 9 come from a separate run and do
not provide a controlled static-versus-dynamic FIM
comparison.

B.2 Merge-Range and Routing-Threshold
Sensitivity

Table 11 presents the full additional range and
threshold sweeps, visualized in Figure 4. The con-
troller and generations were regenerated once per
scale, so these rows should be interpreted sepa-
rately from the submitted main results. The router
reuses one set of native short/long generations and
changes only their assignment across thresholds.
The capped endpoints use temperature 0.6, top-p
0.95, a 3,840-generation-token limit, and a 4,096-
token context window. Routing uses native end-
point prompts, whereas DALSA uses the shared
merged-model prompt. The comparison therefore
measures the established end-to-end protocols and
does not isolate continuous interpolation as the only
causal difference.

At 1.5B, the capped always-short endpoint is
more accurate and shorter than every interior rout-
ing threshold. DALSA’s highest-accuracy points
improve accuracy at a substantial length cost, rather
than dominating that endpoint. At 7B, DALSA
[0.1, 0.3] exceeds the best interior threshold by 3.22
percentage points while reducing generated length
by 34.0%, and is better on both axes than all nine
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Probe GSM8K MATH500 AIME24 Avg.
Acc Length Acc Length Acc Length Acc Length

Residual MLP 83.02 (2002.9) 72.20 (2721.2) 13.33 (3669.7) 56.18 (2798.0)
Linear Probe 81.43 (3031.2) 71.40 (3078.6) 13.33 (3671.4) 55.39 (3260.4)

Table 8: Downstream ablation of earlier hard-label probe architectures in the 1.5B DALSA setting.

Scale Method λ Avg. Acc. Avg. Length

1.5B TIES (single-vector) 0.3 57.11 2,302.4
1.5B DARE 0.3 54.83 3,511.1
1.5B FIM-TA proxy 0.5 57.81 2,422.6
7B TIES (single-vector) 0.5 63.74 1,514.4
7B DARE 0.5 65.77 3,239.6
7B FIM-TA proxy 0.7 66.11 1,104.6

1.5B ACM-TA (submitted reference) 0.7 56.75 2,701.7
1.5B DALSA (submitted reference) [0.1, 0.7] 58.24 2,763.0
7B ACM-TA (submitted reference) 0.7 66.61 2,589.9
7B DALSA (submitted reference) [0.1, 0.7] 66.60 2,011.1

Table 9: Retrospective best-of-grid static merging diagnostics, with submitted references shown separately. Accuracy
is in percent and length is average generated tokens. The additional grid uses one generation per prompt; the selected
settings are not validation-selected.

Scale Range Avg. Acc. Avg. Length

1.5B [0.1, 0.7] 56.16 2,227.1
1.5B [0.1, 0.9] 53.66 2,545.3
7B [0.1, 0.7] 64.34 1,087.3
7B [0.1, 0.9] 66.20 1,138.5

Table 10: DALSA-on-FIM proxy in the regenerated
controller suite; one generation per prompt.

interior thresholds. The always-short endpoint nev-
ertheless remains shorter. These results do not
establish universal Pareto dominance.

Range sensitivity is non-monotonic. At 1.5B,
[0.1, 0.3] has the highest observed accuracy, while
[0.1, 0.9] is shorter but 3.36 points less accurate.
At 7B, the one-generation accuracy difference be-
tween [0.1, 0.9] and [0.1, 0.7] is 4.36 points; with
four generations per prompt, it decreases to 0.70
points (Table 14). Further repeated evaluation is
needed to assess robustness. We retain [0.1, 0.7]
for continuity with the submitted, reference-aligned
configuration; the sweep does not establish it as op-
timal. Future range selection should use held-out
validation data.

B.3 Difficulty and Consensus Contributions

We report two separate contrasts, rather than a
same-run complete 2×2 factorial experiment. First,
the submitted ACM-TA/DALSA comparison keeps
the consensus form fixed and replaces the fixed
coefficient λ = 0.7 with λdyn(x). At 1.5B, accu-

racy increases from 56.75% to 58.24% and length
increases by 2.27%; at 7B, accuracy differs by 0.01
points and length decreases by 22.35% (Tables 1
and 2).

Second, Table 12 holds the regenerated dynamic
controller fixed and removes the layer-consensus
factor. Each scale uses the same controller, score
remapping, [0.1, 0.7] range, prompts, and gener-
ation limits within this comparison. Removing
consensus reduces average accuracy by 9.81 points
at 1.5B and increases length by 281.0 tokens. At
7B, the direction reverses; the no-consensus variant
is more accurate and shorter. The four-generation
7B evaluation retains this pattern, with a 2.12-point
accuracy difference (Table 14). The observations
suggest an interaction between the components and
evaluated settings. They do not establish whether
model capacity, parameter interference, calibration,
or another factor causes the difference.

B.4 Commonsense Controller and
Termination Details

The submitted commonsense evaluation used
CSQA/ARC training rollouts and a commonsense
activation-calibration pool. Its DALSA controller
was an earlier residual-MLP hard-BCE probe with
raw, unremapped scores and range [0.1, 0.5]; it was
not the linear soft-failure controller used in the
main mathematical results. Table 15 preserves the
submitted comparison for provenance. Table 3
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1.5B 7B
Operating point Avg. Acc. Avg. Length Avg. Acc. Avg. Length

Capped always-long endpoint 50.91 2,264.8 60.52 2,384.9
Routing, τ = 0.1 52.07 2,243.3 61.38 2,326.3
Routing, τ = 0.2 52.43 2,227.6 61.36 2,195.8
Routing, τ = 0.3 52.90 2,215.0 61.65 2,085.7
Routing, τ = 0.4 52.75 2,177.1 61.16 2,017.3
Routing, τ = 0.5 53.19 2,140.1 62.06 1,917.2
Routing, τ = 0.6 53.38 2,125.2 62.01 1,860.1
Routing, τ = 0.7 53.60 2,115.3 61.30 1,797.4
Routing, τ = 0.8 53.67 2,109.2 60.70 1,733.5
Routing, τ = 0.9 53.40 2,099.7 60.17 1,680.1
Capped always-short endpoint 56.30 657.7 61.64 865.4

DALSA [0.1, 0.3] 58.07 2,740.9 65.28 1,265.3
DALSA [0.1, 0.5] 55.79 3,014.7 63.83 2,057.5
DALSA [0.1, 0.7] (reference range) 57.65 2,623.8 63.51 2,291.0
DALSA [0.1, 0.9] 54.71 2,446.8 67.87 1,975.5

Table 11: Complete routing-threshold and merge-range sweeps in the regenerated suite. Each point uses one
generation per prompt; endpoint prompts differ from merged-model prompts. The four-family averages are not
comparable to the five-column averages in the separate [0, 1] long-base diagnostic (Table 6).
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Figure 4: Accuracy–length trade-offs for the complete routing-threshold and DALSA merge-range sweeps in
Table 11. Each point averages the four benchmark families in the regenerated suite, with one generation per prompt.
Routing uses native endpoint prompts; DALSA uses the shared merged-model prompt. The capped endpoints use
the same generation limits as the sweep and differ from the native rows in Tables 1 and 2.

presents the aligned rerun with a linear soft-failure
probe retrained on the corresponding commonsense
training data, per-domain quantile remapping, and
range [0.1, 0.7]. Both commonsense evaluations
use a 2,048-generation-token limit and a 4,096-
token context limit.

The aligned controller reduces DALSA’s aver-
age length by 4.79%, but DALSA and routing
have nearly identical accuracy (52.15% versus
52.13%) while DALSA generates approximately
2.86 times as many tokens. In the new DALSA
outputs, 1,042/1,221 CSQA responses (85.3%) and
1,055/1,172 ARC-Challenge responses (90.0%) hit
the generation limit. The submitted ACM-TA run
also reaches that limit, at lower rates of 64.1% and

61.4%, respectively. Termination is therefore an
important efficiency limitation; these observations
do not establish the cause of the accuracy differ-
ences.

All seven DALSA buckets are populated. The
lowest-score bucket has the highest observed ac-
curacy (57.9% on CSQA and 79.1% on ARC-
Challenge), but the remaining bucket accuracies
are not monotonic. Each bucket uses a different
merged checkpoint, so these results jointly reflect
input difficulty and checkpoint-specific generation
quality. The probe is also retrained on common-
sense data. Accordingly, this analysis establishes
neither zero-shot cross-domain transfer nor isolated
validity of the difficulty ordering. Fixed-model
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Scale Variant GSM8K MATH500 AMC23 AIME24–26 Avg.

1.5B With consensus 84.69 (2,429.5) 74.80 (2,535.8) 60.00 (2,582.2) 11.11 (2,947.9) 57.65 (2,623.8)
1.5B Without consensus 84.23 (2,738.0) 68.80 (2,591.1) 35.00 (2,847.9) 3.33 (3,442.2) 47.84 (2,904.8)
7B With consensus 95.30 (1,156.0) 85.40 (1,982.2) 60.00 (2,699.5) 13.33 (3,326.4) 63.51 (2,291.0)
7B Without consensus 95.38 (1,199.3) 86.20 (1,720.2) 67.50 (2,450.0) 22.22 (2,939.1) 67.82 (2,077.2)

Table 12: Consensus ablation in the regenerated suite at λ ∈ [0.1, 0.7], with one generation per prompt. Entries give
accuracy (%) and average generated tokens in parentheses. These are matched within each scale, but are separate
from the submitted fixed-versus-dynamic comparison.

Method GSM8K MATH500 AMC23 AIME24–26 Avg.

Llama-3.1-8B-Instruct (short) 83.62 (230.7) 47.60 (607.2) 22.50 (1,005.4) 5.56 (928.7) 39.82 (693.0)
DeepSeek-R1-Distill-Llama-8B (long) 77.56 (539.7) 73.40 (2,056.8) 45.00 (2,751.4) 15.56 (3,631.5) 52.88 (2,244.8)
DALSA [0.1, 0.7] 82.41 (3,692.2) 60.60 (3,535.0) 35.00 (3,465.8) 6.67 (3,572.4) 46.17 (3,566.4)
DALSA [0.1, 0.9] 83.17 (3,570.5) 64.20 (3,277.3) 45.00 (3,514.2) 8.89 (3,364.8) 50.31 (3,431.7)
DALSA w/o consensus [0.1, 0.7] 83.47 (3,248.6) 68.00 (2,867.0) 45.00 (2,895.9) 11.11 (3,227.8) 51.90 (3,059.8)

Table 13: Llama-family diagnostic with capped native endpoints. Entries give accuracy (%) and average generated
tokens in parentheses. Native and merged rows use different prompt protocols; the no-consensus variant is a separate
ablation.

Consensus Range Acc. Length

With [0.1, 0.7] 66.07 2,277.0
With [0.1, 0.9] 66.77 1,987.4
Without [0.1, 0.7] 68.19 2,087.8

Table 14: Additional 7B evaluation averaging four gen-
erations per prompt. These averages are reported sep-
arately from the one-generation sweep; they are not
confidence intervals.

Submitted method Avg. Acc. Avg. Length

DALSA 52.47 1,929.3
Simple Routing 53.52 833.1
ACM-TA 52.87 1,410.8

Table 15: Submitted CSQA/ARC-Challenge averages,
retained to distinguish the earlier controller from the
aligned rerun in Table 3.

score validation and termination control remain
future work.

B.5 Llama-Family Diagnostic

Parameter-space interpolation requires tensor-
compatible endpoints. To examine an additional
family, we applied the controller pipeline to Meta-
Llama-3.1-8B-Instruct (Llama Team, 2024) (the
NousResearch mirror) and DeepSeek-R1-Distill-
Llama-8B (Guo et al., 2025). All rows in Table 13
use a 4,096-token context limit. Native endpoints
use their native prompts, whereas merged check-
points use the shared merging prompt. These re-
generated results are therefore a model-family di-

agnostic, not a controlled isolation of the merging
effect.

Full DALSA improves observed accuracy over
the short endpoint by 6.35 points with [0.1, 0.7]
and 10.49 points with [0.1, 0.9]. The latter re-
mains below the capped long endpoint (50.31%
versus 52.88%) and produces longer responses
(3,431.7 versus 2,244.8 tokens). Removing consen-
sus reaches 51.90%, but removes a core component
and does not demonstrate an efficiency gain. The
main accuracy–length evidence thus remains lim-
ited to the evaluated Qwen pairs. The Llama results
motivate family-specific activation-consensus cal-
ibration and broader evaluation of aligned model
pairs.
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